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Abstract

The central aim of this thesis is to develop novel approachesto the representation and the
refinement of event recognition models. The event recognition system is viewed as a temporal
expert system, which searches for interesting patterns in astream of temporally indexed data.
The format of the input stream is unusual in comparison to standard work on event recognition,
such as speech and sound recognition. It consists of time-stamped events, rather than a set of
signal properties measured at fixed time intervals. This format has only recently been studied
in the area of temporal event recognition.

This thesis proposes a new graphical representation which facilitates explicit modelling of
time. The recognition model is a hierarchy of events, each defined as a sequence of subevents.
A distinction is made between low-level events, used in the input data stream, and high-level
events, defined by the model. Each event definition in the model constrains the duration and
temporal association of subevents. This approach naturally handles overlapping events, which
have been overlooked in event recognition systems that do not model time explicitly.

Using this graphical representation, a novel method for refining the temporal constraints of
a model is presented. The refinement of the model is based on a small training set, consisting of
a sequence of low-level events and the high-level events which should be recognised. The small
size of the data set does not allow the use of empirical learning methods. Instead, a knowledge
refinement approach is adopted, which utilises the originalmodel parameters to guide the re-
finement process. This approach differs from standard knowledge refinement methods, in that
it can handle the temporal aspects of event recognition. Particular emphasis is given to the
association of low-level to high-level events – information that is not provided in the data set.

Two modes of refinement are examined in the thesis: full and partial supervision. The
former requires the provision of training information for all of the high-level events in the
model. This assumption is relaxed under partial supervision, where training information is
provided only for the events at the highest level of the hierarchical model. The issue that arises
under partial supervision is the correct distribution of the limited training information to all of
the events in the model.

The performance of the refinement method is evaluated on a real-world problem: the the-
matic analysis of the humpback whale song. The song of humpback whales has been exten-
sively studied and analysed in the biological literature and data has been collected, in the form
of tape recordings. An event recognition model is derived for the song and the refinement
method is applied using a small set of songs. The results of the evaluation are very encourag-
ing, showing that the system is able to improve significantlyan initially inaccurate model, even
with the use of very limited training data. This result suggests that the method is suitable for
structured hierarchical models, such as that of the humpback whale song. Models of this type
are used in a wide range of other event recognition tasks, such as fault diagnosis and image
sequence analysis.
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Chapter 1

Introduction

The task dealt with in the thesis is the refinement of event recognition
models using small datasets. The need for event recognitionoccurs in
a variety of real-world problems. This thesis follows the approach of
temporal event recognition, in which a declarative model of the events
to be recognised is provided, together with an explicit inference strategy
for recognising events. A novel representation for the event recognition
model is proposed, which facilitates efficient event recognition. Further-
more, a novel method for refining event recognition models, represented
in this way, is presented. The refining method is the main contribution
of the thesis. This chapter presents the event recognition task in more
detail, setting the constraints and goals for the thesis.

1.1 Event recognition

Marine biologists have been studying the sounds of whales for a long time. One of the ben-

efits flowing from these studies is the ability to distinguishbetween different species [12], or

populations of the same species [78, 112] and monitor changes in the size of the populations.

The sounds emitted by humpback whales have attracted particular attention, because of their

interesting song-like structure [79]. By just listening toa recording, experts in the field are able

to recognise the humpback whale song and even identify its structural components. In fact this

is the method of analysis, which was used in early studies of the song. This approach has a

clear limitation, i.e., the inaccuracy of human acoustic perception. It was soon replaced by a

more systematic method, in which the spectrogram of a recording was produced and analysed.

A spectrogram is a plot of the acoustic signal in the frequency domain. It depicts the frequency

components of the uttered sounds, as acquired by a Fourier transformation, against time. Figure

1.1 shows a small piece of such a spectrogram.

16
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Figure 1.1: An example of a spectrogram from a humpback whalesong. Recorded in Hawaii
on 7/2/1978.

The visual representation of the sound as a spectrogram allowed scientists to make more

accurate measurements of the song components and constructa generic model of the song

[79, 76]. This model in turn was used to make other interesting observations, e.g. that the song

sung by all individuals in the same ocean basin, at any point in time, is very similar. The model

functioned as a set of guidelines, describing how to identify interesting components of the

song and compare these in different recordings. In more generic terms, the task of identifying

interesting song components in the spectrogram or the recording itself is anevent recognition

task. The events are the song components and recognition is achieved by applying the song

model to the recording. An attempt to automate part of this process is presented in chapter 7.

Similar kinds of problem occur in many domains. Examples which deal with acoustic

signals are:

Bird-song analysis ([14]). Again, the main task here is to identify the species of the singing

bird, which requires the identification of characteristic sounds and structure.

Speech recognition and understanding ([86, 29]).This task involves the recognition of

phonemes in continuous speech or isolated word utterances and their combination into

syllables, words and phrases.
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Classification of musical instruments ([47]). A difficult task for most humans is the identifi-

cation of different instruments in a musical piece. For experts the task is easier as they

are able to associate the properties of the sound with the corresponding instrument.

Underwater sonar classification ([35, 70, 66]).The recognition of interesting underwater

events has been of particular interest in military applications.

Fault recognition in airplane turbines ([41]). One way of recognising abnormalities in the

operation of turbines is by acoustic monitoring.

However, acoustic signals are not the only domain in which event recognition is required.

For example, in the recognition of faults in airplane turbines, several other properties of the

operation of the machine can be monitored, e.g. temperature. Although the source of the signal

is different, the task remains the same. Other examples are:

Fault recognition in industrial processes ([8]). The task here is similar to that for turbines

and there are usually more than one property of the process being monitored.

Recognition of business cycles ([40]).Several aspects of the economy of a country are moni-

tored over time with the goal of recognising interesting phenomena, e.g. business cycles.1

Recognition of physical phenomena ([4, 5]).These range from particle collision in a con-

trolled experiment to macroscopic phenomena, such as the explosion of a star.

Event recognition in image sequences ([89]).Examples of these appear in processing of im-

age sequences for autonomous vehicles, robots, etc.

An interesting question is how much the above tasks have in common, i.e., what are the

generic features of event recognition. A strict definition of event recognition is not in the scope

of this thesis. However, the properties of the task which areof particular interest to the thesis

are the following:

• Measurement over time. There is a real-world process, whichhas observable, time-

varying properties, measured as one or more signals. In sometasks there is more

than one such processes and more than one property of each process is measured.

1A task which has attracted more attention in economics and finance is thepredictionof events, which can be
seen as recognition of events which are to occur in the future. Prediction is based on the recognition of events in
the present state of the economy.
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The important task feature here is the signal, or signals, which constitute the input to

the event recognition system.

• Events. The final aim in the task is the recognition of interesting phenomena, i.e.,

events, in the data-generation process. For the purposes ofthe thesis, a distinction

is made betweeninstantaneousanddurativeevents. The former type corresponds to

phenomena which happen at a particular point in time, while the latter are associated

with a start and end time-point, i.e., they have a duration. An example of the former

event type is the failure of a machine in an industrial process or the collision of par-

ticles in a physics experiment. Durative events are the utterance of a sentence in a

speech recognition problem or a note generated by a musical instrument. Instanta-

neous events can also have a duration, measured at the appropriate time-scale, but it

is not of interest to the task. Similarly, a durative event can be expressed in terms of

the instantaneous events of its beginning and end, but its association with the period

in which it took place is significant.

• Event recognition model. The recognition of events in a stream of input data is based

on a model relating these events to the input signal. In automated event recognition

systems, this model can take various forms, e.g. a set of production rules, a neural

network or a mathematical model. The model provides a mapping of interesting pat-

terns in the signal, to the corresponding events. Note that in some applications, e.g.

industrial fault detection [95], an additional model of thecomplete process is avail-

able, excluding the events of interest. Such a model can helpin detecting interesting

events, but not in recognising them. This type of detection is not considered in the

thesis.

• Inference strategy. This is the method describing how the model is used to recog-

nise events in the data. In some cases, particularly in knowledge-based recognition

systems, the strategy is elaborate and independent of the model. In other systems,

though, e.g. feed-forward neural networks, it is implicit in the design of the model

and it is not considered a separate part of the system.

Figure 1.2 presents a diagrammatic overview of an event recognition system. The system uses

an inference strategy to apply the event recognition model to the input signal and recognise

interesting events.
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Figure 1.2: Diagrammatic representation of the event recognition process.

1.2 Problem description

This thesis proposes a knowledge-based approach to event recognition, i.e., a declarative rep-

resentation of the model and a symbolic inference strategy.In this context, a number of as-

sumptions are made about the event recognition task. In particular, it is assumed that:

• The recognition model consists of two separate levels. The first level is a mapping

of signal properties to intermediate,low-levelevents. The second is not concerned

with the signal at all, but only with the events recognised bythe low-level system. It

maps the low-level events ontohigh-levelevents of interest. The motivation for this

two-layered architecture is an attempt to capture the expertise involved in the event

recognition task in a high-level declarative model. In other words, it is assumed that

it is easier for a human expert to describe the mapping between low-level events and

high-level ones, than to explain the process of recognisinglow-level events. Thus, of

the two levels only the second is examined in the thesis and henceforth the term event

recognition model will be used to refer to this high-level model.

• Events are durative, i.e., the start and end times of events are significant.

• The model is a set of production rules, which contains numeric temporal parameters,

constraining the mapping of low- to high-level events. These will be referred to as

the model’stemporal parametersor constraints.



CHAPTER 1. INTRODUCTION 21

Further assumptions and representation details for the event recognition model and the infer-

ence strategy are discussed in chapter 3. Figure 1.3 is a diagrammatic description of Fig. 1.2

modified to incorporate the above assumptions.
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Figure 1.3: Two-level event recognition. The thesis deals with the highlighted parts of the
system. The icons in the low-level and high-level event recognition modules correspond to a
Hidden Markov Model (discussed in chapter 2) and a Temporal Classification Network, i.e.,
the representation introduced in this thesis (see chapter 3).

As an example, consider the task of recognising interestingpatterns in the song of a whale.

Figure 1.4 instantiates the model description of Fig. 1.3 for this task. The low-level recog-

nition module is called aunit classifierand outputs a sequence of units, i.e., time-stamped

events extracted from the recorded signal. Referring to Fig. 1.1, a unit is a continuous seg-

ment of the signal, separated from other units by silence. For instance, at the beginning of

the song in Fig. 1.1 there is a sequence of12 similar units of low fundamental frequency and

rich harmonic structure. The module of interest to the thesis is thetheme classifier, which

searches for patterns of units and maps them onto high-levelevents, calledthemes. In Fig. 1.1,

the song is separated into seven themes each of which is a repetition of phrases, also identi-

fied in the spectrogram. Each phrase has a characteristic unit structure. Thus, the low-level

events, i.e., the units, are mapped by the theme classification model onto high-level events,

i.e., phrases and themes. Phrases are defined in terms of unitsequences and themes in terms
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of phrase sequences. The temporal constraints specify the duration and temporal relations be-

tween units/phrases for the recognition of the corresponding phrases/themes. The details of the

theme classification task are discussed in chapter 7. Note that the termsrecognitionandclas-

sificationare used interchangeably, because the proposed event recognition system performs

recognition by classifying low-level event sequences intothe events of interest.
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Figure 1.4: Overview of the theme-classification system forhumpback whale songs.

Having defined a system of the type shown in Fig. 1.3, it is desirable to be able to modify the

event recognition model, in the light of experience. In particular, a supervised learning method

is sought, which will modify the model, so as to correctly classify a small set of training data.

This process is referred to asmodel refinementand can take two main forms:

• Model restructuring, aiming at the modification of the logical structure of the model,

e.g. the unit sequence defining a phrase in the whale song.

• Parameter refinement, i.e., the modification of the numeric parameters of the model,

e.g. the required duration of a unit for the recognition of a phrase.

The focus of the thesis is on the refinement of the temporal parameters. The assumed scenario is

that a human expert provides the event recognition model, including approximate estimates of

the temporal parameters. The exact determination of the parameter values in a realistic model

is a difficult task. For this reason, a refinement method is developed, which automates the



CHAPTER 1. INTRODUCTION 23

assignment of parameter values. Figure 1.5 augments the system in Fig. 1.3, with the two types

of refinement. The modules of the system which are examined inthe thesis are highlighted.
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Figure 1.5: Knowledge refinement in the proposed event recognition scheme. The thesis deals
with the highlighted parts of the system. The icon in the parameter refinement module repre-
sents the modification of parameters in a simple two-dimensional parameter space.

In summary, the thesis aims at providing:

1. a simple rule-based representation suitable for an eventrecognition model,

2. an inference strategy for recognising events, using a model represented in that way,

3. a method for refining the temporal parameters of the event recognition model, using

a small set of data.

The focus and main contribution of the thesis is the refinement method.

1.3 Challenges and constraints

The problem description presented above provides a generaloutline, ignoring the technical

details of the task and focusing on the goals of the thesis. Examining the problem in more

detail, a number of challenging issues and problem featurescome to light, which have restricted

the type of solution being sought.
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1.3.1 Small training set

All methods which perform learning from empirical data haveat least one common charac-

teristic: they aim to construct a robust model which performs well on unseen data, i.e., data

that are not included in the training set. This is achieved bythe process of generalisation of

the training data, which ideally results in a model describing general patterns of interest to the

task. The degree to which robust generalisation can be achieved depends on the quality of the

data and the generalisation algorithm. The data must be representative of the problem that is

solved and sufficient in number to allow general conclusionsto be drawn. Thus, the size of the

training set plays an important role in the success of the learning process. In many cases, the

lack of sufficient training data means that generalisation is not possible.

However, there are several real-world problems where the data are scarce, but useful in

modelling the problem. Examples of such event recognition problems are:

• Modelling of natural disasters.

• Turning points in the state of the economy, i.e., the beginning of recession or recovery.

• Failure of the engine of an airplane.

Some of these and other similar problems have been modelled,using expert knowledge about

the task, often combined with experimental evidence to refine a theoretical model. The im-

portance of combiningdomain knowledgewith empirical modelling has been acknowledged

even in early work in machine learning, e.g. [59], where the use of domain knowledge has been

suggested, to compensate for the lack of training data. However, domain knowledge comes in

various forms and the learning method has to be adapted to theavailable knowledge. For in-

stance, the available domain knowledge for the humpback whale song may be a set of rules for

recognising phrases and themes, but it could also be a stochastic recognition model, such as a

Hidden Markov Model (see chapter 2). Also the amount and typeof knowledge that is needed

to compensate for the shortage of training data depends on the complexity of the learning task,

e.g. model restructuring or parameter refinement.Knowledge refinementis a field of machine

learning, in which domain information is combined with training from data. The motivation

for the approach is usually a combination of insufficient data, a complex model to be learned

and the existence of useful domain knowledge.

The work presented in this thesis shares the same motivation. The proposed model refine-

ment method performs a type of knowledge refinement, taking into account the peculiarities of
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the event recognition task. The basic assumptions are that the type of event which is modelled

is rare and that sufficient expertise exists for building an initial model. This model will be

inaccurate and will need to be refined by the use of the training data. Once the initial model

is available and represented in the appropriate way, it can be used in various ways to guide the

refinement method. One such use of the domain knowledge, which is of particular interest to

the thesis, is the subdivision of the refinement task in a way that improves the use of the data.

This is achieved by a hierarchical decomposition of event definitions, inherent in the represen-

tation of the model. Chapter 4 examines in more detail the task of refining an event recognition

model using such a representation.

1.3.2 Input data

The input data used by the event recognition system are provided as a stream of events, e.g.

units in the case of the whale song, each consisting of asignature, i.e., a unique label, and

a time stamp denoting its start and end time. For instance, given a set of event signatures

{A,B,C}, the following arbitrary stream of events:

B(3, 5), A(2, 6), B(8, 10), C(10, 15), . . . ,

may be provided as input, i.e., eventB from time3 to time5, etc., where the measuring scale

for time is application-dependent. This format requires a different treatment of time than that

assumed by many existing event recognition methods. The usual approach is to use the signal as

input to the system and sample from it at regular time intervals, i.e., having an implicit model of

time in the system. The reason for not choosing this approachis the two-level event recognition

system mentioned above. The advantage is that temporal constraints can be represented as

explicit parameters of the model, allowing flexible construction of temporal relations between

events. This modelling approach is often referred to astemporal event recognition. Chapter 3

investigates this property of the model in more detail.

An immediate result of this input format is that the system isnotified about the recognition

of an event only when the event ends. Thus, events appear in ascending end-time order. Due to

the correspondence between low and high-level events, an event of the latter type is recognised

when a corresponding sequence of low-level ones have been recognised, i.e., no sooner than

the end time of the last event in that sequence. For instance,if event W is defined as aB
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followed by aC, W cannot be recognised before the recognition ofC(10, 15). This property

of the data affects the choice of inference strategy, as explained in chapter 3.

1.3.3 Overlapping events

Another phenomenon, which is unusual for standard work in event recognition is the use of

events which overlap in time. Indeed, overlapping events can be ignored when concentrating

on the lower event recognition levels, where a single signalis examined, e.g. low-level speech

processing [109, 86]. The separation of the high-level event recognition process from the input

signal, or signals, makes this assumption less reasonable.Events may be happening in parallel,

recorded on the same or separate signals. This phenomenon appears in many realistic event

recognition tasks, e.g. auditory scene analysis [51] and fault recognition in telecommunication

networks [25].

Overlapping events introduce an important challenge whichaffects all stages of the pre-

sented work:

• The representation of the event recognition model needs to address the issue of mu-

tual exclusiveness of high-level events. In other words, can overlapping high-level

events share sequences of low-level ones? For example, if event Z corresponds to

eventsA andB and eventY to A andC, can both events be recognised in the se-

quence presented above?

• The model representation also needs to determine the structure of an event sequence

and the allowed temporal relations between events. For example, if eventZ corre-

sponds toA andB, which of the two possible occurrences ofZ, Z(2, 6) or Z(2, 10),

should be recognised.Z(2, 6) is recognised usingB(3, 5) and A(2, 6), i.e., B is

recognised beforeA. The opposite holds forZ(2, 10), which is recognised using

A(2, 6), B(8, 10).

• The assumptions made about overlapping events in the event recognition system af-

fects the complexity of the refinement task, i.e., the searchspace for temporal param-

eters which cover the training data.

In order to achieve an efficient event recognition system anda usable refinement method, the

type of event that is expected by the system is restricted in chapter 3. However, overlapping

events are not excluded, due to their importance in event recognition applications.
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1.3.4 Temporal relations

The handling of time is clearly a very important aspect of an event recognition system. As

mentioned above, the system developed in this thesis does not have an implicit model of time

and allows temporal relations to be defined between events. The natural option for the repre-

sentation of time in such a system is a temporal logic adaptedto the problem at hand. Temporal

logics have interesting theoretical properties, but can result in an inefficient system if used in

their full generality. In other words, there is a trade-off between expressive power and ef-

ficiency of the representation and the balance between thesetwo features is important for a

practical system.

The proposed event recognition system makes a number of simplifying assumptions about

the type of event that is used and the mapping between low-level and high-level events. With-

out doubt these assumptions restrict the applicability of the system to a particular class of

event recognition problems, which, however, contains a large number of interesting problems.

Chapter 3 discusses the assumptions in detail and chapter 7 applies the system to a real-world

problem. The immediate benefit from simplifying the handling of time is increased efficiency

in event recognition. Additionally, the simplifying assumptions are used in the development of

a refinement method for the temporal parameters. Without these assumptions, the parameter

space for this relational refinement task would have a very high dimensionality.

1.3.5 Training examples

The training data for the refinement of the event recognitionmodel are not in the format ex-

pected by most machine learning methods. In a typical learning problem the training data

consist of feature-vector object descriptions and the associated class for the object. This is not

the case in the event recognition scenario examined in this thesis. The stream of input events is

not divided into examples, i.e., into low-level event sequences associated to high-level events.

Thus, the refinement method needs to construct the training examples, using the low and high-

level events present in the training set. For the purposes ofrefinement, the low-level events

in the training set are referred to asinput dataand the high-level ones asfeedback data. For

instance, the input data might be the stream of events:

A(2, 6), B(8, 10), B(11, 13), C(10, 15), . . . ,
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and the feedback data a parallel stream of the form:

Y (2, 13), Z(2, 15), . . . ,

whereY corresponds toA andB andZ to A,B,C.

This feature of the training data affects the representation of the search space for the refine-

ment task and the refinement method itself. One problem that arises, for instance, in the above

example, is that there is more than one sequence in the input data which could correspond to

the eventZ(2, 15), namely:

A(2, 6), B(11, 13), C(10, 15),

A(2, 6), B(8, 10), C(10, 15).

Such situations lead to the notion ofalternative positive examples, discussed in chapter 4.

The construction of negative examples from the training data introduces additional prob-

lems, since no negative feedback for misrecognised events is provided. Instead, the set of all

examples which could be recognised but do not appear in the feedback data are considered

negative. In the above example, the sequenceA(2, 6), B(8, 10) is a negative example of event

Y . This weak type of negation increases the complexity of the search space for refinement. The

problems appearing in the construction of the set of examples are further discussed in chapter

4. Simplifying assumptions, about the permissible type of event and temporal relation in the

system, help in making these problems solvable.

1.3.6 Partial supervision

A fundamental problem in knowledge refinement tasks is that the feedback available in the

training data does not cover all parts of the knowledge base.In the context of a production

rule system for classification, this means that the teacher provides information only about the

terminal items in the inference chain. The correctness of intermediate inferences has to be

deduced on the basis of this partial training information. Thus, the question that arises is

which part of the inference chain should be modified, if necessary, in order to achieve correct

classification of the training data. This question is usually answered by heuristics, which take

into account both problem-independent information, e.g. the extent of the required change, and

problem-specific information, e.g. the functionality of different rules in the production rule set.
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A similar problem arises in Multi-layered Perceptrons (MLPs), where the nodes in the

hidden layers do not receive explicit supervision. The mostpopular solution to this problem

is the weighted back-propagation of error, from the output to the hidden nodes of the network.

This is made possible by the distributed type of inference that an MLP performs, i.e., the

weighted feed-forward combination of support for nodes in the hidden and output layers.

In the event recognition scenario examined in this thesis, the task of refinement under

partial supervision is complicated further by the fact thattraining examples are not explicitly

specified in the training data. The additional difficulty is due to the fact that there are usually

multiple inference chains, which can lead to the recognition of a high-level event. Chapters

5 and 6 propose methods for refinement under full and partial supervision respectively and

examine this problem in more detail.

1.4 Outline of the thesis

Event recognition is a generic task appearing in a variety ofreal-world problems. Inchapter 2,

several of the influential approaches to event recognition are examined briefly and a few general

approaches to knowledge refinement are presented. The properties of the event recognition

scenario, as presented in this chapter, are used to argue that most of these approaches are

unsuitable for solving the task of interest.

The thesis examines a type of event recognition, in which time is modelled explicitly by

temporal relations in the event recognition model. The goalis to provide a method that facili-

tates the incorporation of domain knowledge in the model, and at the same time allows efficient

event recognition.Chapter 3, in the second part of the thesis, presents a hierarchical modelling

approach, namedTemporal Classification Network(TCN), which seems particularly suitable

to this type of event recognition. The assumptions made by this approach about the type of

event and temporal relation that are used are also examined in more detail.

The main focus of the thesis is on the refinement of the temporal parameters in a TCN

model. Section 1.3 raised some challenging issues related to this goal, which are addressed by

the methods presented in the third part of this thesis.Chapter 4 presents in more detail the

issues and focuses on the representation of the search space, i.e., the construction of candidate

modifications to the model. In addition an optimal, but order-dependent, refinement algorithm

is presented, which uses a restricted-memory approach.
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The next two chapters in this part of the thesis,chapter 5 andchapter 6, extend the mem-

ory model, in order to provide an order-independent and noise-tolerant refinement method.

These benefits are gained at the expense of heuristic suboptimality and higher computational

cost.Chapter 5 deals with the task of refinement under full supervision, i.e., explicit feedback

for all of the events included in the event recognition model. Chapter 6 relaxes this assumption

and presents a method which refines the model with the use of partial supervision.

In the fourth part of the thesis, the methods that have been proposed are applied in practice

on an interesting real-world problem.Chapter 7 describes an event recognition model for the

thematic analysis of humpback whale songs. A small set of data are encoded from spectrograms

of whale songs recorded in Hawaii, in 1978. This data set is used inchapter 8, to evaluate the

applicability and performance of the refinement methods. Note that the methods presented in

this thesis have not been developed especially for this application and they tackle problems,

which do not appear in the humpback whale song data, e.g. overlapping events.

The concluding part of the thesis summarises the experienceof developing the methods

presented in the thesis, discussing in brief their strengths and weaknesses. Using these conclu-

sions as a starting point, potentially promising paths for further research are sciagraphed.

The appendices to the thesis include the following information:

• Detailed pseudocode descriptions of the algorithms presented in the chapters.

• Extensive proofs for some of the arguments in the thesis.

• Other technical details, e.g. data sources.

Conventions. Each chapter starts with a brief description of the problem that the chapter

deals with and the approach which is adopted. This description is separated from the main

text and surrounded by a box. Also, the concluding section ineach chapter presents a small

summary and a critique of the proposed method. Due to the novelty of the methods developed

in this thesis, a number of new concepts are introduced, someof which are abbreviated for

ease of reading. The first time that a new concept is introduced, it is emphasised initalics

and, if abbreviated, the abbreviation appears in brackets next to it. Non-standard abbreviations

are expanded the first time they are used in each chapter, as a reminder of the concept they

represent.



Chapter 2

Alternative approaches

The task of event recognition is encountered in diverse domains. As a
result, there is a variety of approaches to the problem, mostof which dif-
fer significantly from the one proposed in this thesis. The first section of
this chapter examines some of these approaches, concentrating on their
goals and restrictions. Each approach represents an individual research
area with extensive activity. Therefore, no attempt is madeto provide
an exhaustive account of the work under each topic. The intention is
to present an overview of the approaches and show why most of them
are inappropriate for the problem of interest. This argument is based on
the problem description presented in chapter 1. In a similarmanner, the
second part of the chapter presents alternative methods forrefinement.
These methods are not used in the thesis, because they are notsuitable
for temporal models. However, they might become applicableto the re-
finement of event recognition models by either extending themethods or
reformulating the problem. Neither of these modifications has been con-
sidered in the thesis. Thus, the non-suitability of the methods presented
in this chapter is conditional on the problem description and the standard
description of the methods in the literature.

2.1 Event recognition

The event recognition scenario presented in chapter 1 focuses on one particular view of the

problem. Several assumptions have been made about the format of the input data and the prop-

erties of the recognition model which are not shared by most approaches to event recognition.

The following list summarises these assumptions:

• Symbolic, time-stamped input. The input data is a stream of low-level events and

their associated start and end times.

• Overlapping events. Events in the input stream are allowed to overlap on the time

axis.

31
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• Explicit modelling of time. The model should facilitate theexplicit temporal associ-

ation of low-level events.

• Variable time scale. The event recognition model may consist of temporal relations

which use different time scales. Thus, the inference mechanism should allow the

association of events over long and short time periods.

• Efficient event recognition. The structure of the event recognition model should allow

the design of an efficient inference algorithm.

The motivation and details of this problem specification areprovided in chapter 1 and elab-

orated in chapter 3. Here, the above assumptions act as criteria for the appropriateness of

standard event recognition methods to the problem. Each of the following sections presents

briefly an event recognition approach and the restrictions that it imposes on the task.

2.1.1 Hidden Markov Models (HMM)

Hidden Markov models are very popular for modelling stochastic processes and have been

successfully used as event recognition systems. One area where they have had considerable

success is speech recognition, e.g. [87, 86], which includes several event recognition tasks. For

example:

• Classification of isolated word utterances.

• Phoneme or word recognition in continuous speech.

• Phrase identification in continuous speech.

The usual approach in speech recognition is to construct an HMM for each word expected to be

uttered and then calculate the degree to which particular word-models match an isolated word,

or parts of a continuous speech utterance. HMMs model time implicitly, i.e., by sampling the

input signal at regular time intervals.

An HMM can be represented by a State Transition Network (STN), consisting of hidden,

i.e., unobservable, states of the process and transitions between them. In speech recognition,

the model usually takes the form shown in Fig. 2.1, modellingthe progression of speech utter-

ances in time. This type of model is called left-right or Bakis. It has a starting state, i.e., the

leftmost one, and does not allow leftward transitions.

An HMM is a doubly stochastic model, modelling two types of uncertainty:

• Each state is associated with a probability distribution over all observable symbols.
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b1(/k/)=0.9
b1(/a/)=0.09
b1(/t/)=0.01

a11=0.6

a12=0.4 b2(/k/)=0.1
b2(/a/)=0.8
b2(/t/)=0.1

a22=0.7

a23=0.3 b3(/k/)=0.01
b3(/a/)=0.09
b3(/t/)=0.9

a33=1.0

Figure 2.1: A simple Hidden Markov Model (HMM).

In the example of Fig. 2.1 these symbols are the phonemes/k/,/a/,/t/ and the

network models the wordcat. In other words, each state is not deterministically

associated with a unique phoneme, but it is thought to represent a hidden state of

the process generating the utterancecat. For this reason, HMMs are considered

generative models and the probabilitybi(p) of phonemep in statei is calledemission

probability. The emission probability distribution does not need to be discrete. An

HMM can be used to model continuous observables and even vectors of continuous

variables.

• Each transition between states is also associated with a probability, called thetransi-

tion probabilityaij , between statesi andj, with the possibility thati = j.

In addition to these two probability distributions, a priordistribution over all states needs to be

provided for an HMM. In a left-right model the prior probability of the leftmost state is1 and

that of all others0. As a generative model, a left-right HMM starts from the leftmost state and

emits one of the symbols in that state, according to the emission probability distribution. At

the next time step it moves to the next state according to the transition probability distribution.

This state may be the same as the previous one. Due to the stochastic nature of the model, the

generative process can account for different state-transition sequences and different utterance

sequences. Each sequence of utterances is associated with aprobability, which is calculated as

the product of the corresponding emission and transition probabilities.

There are three issues which have attracted considerable attention in HMM research [86]:

• Calculating the match between a model and an observation, e.g. an uttered word. This

is needed to classify the observation and involves the calculation of the probability of

generating the word by the HMM. An efficient and optimal solution to this problem

has been developed, using a dynamic programming technique,called theforward
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procedure.

• Choosing the state sequence that best explains an observation. This is trivial in the

example of Fig. 2.1, but it is a hard problem for more complex models, which allow

for pronunciation variations. There are only heuristic approaches to that problem,

e.g. theViterbi algorithm.

• Estimating the parameters of the model from data, e.g. from aset of utterances of the

wordcat. This can be considered a learning or model refinement task and there are

several approaches to it. The most prominent one is a dynamicprogramming algo-

rithm, called theBaum-Welch algorithm, which performs a maximum-likelihood esti-

mation, learning from positive examples only. An alternative to maximum-likelihood

estimation is to use amaximum mutual information(MMI) approach, which max-

imises the discrimination between competing models.

Rabiner [86] describes these approaches in detail, together with real-world applications of

HMMs.

HMMs have been criticised for the assumptions that they makeabout the nature of the

problem. The first-order, Markov, assumption is particularly relevant to this thesis. According

to this assumption, the transition and emission probabilities depend only on the current state of

the model. In other words, the symbol to be emitted at that state and the state in which to move

next, are independent of the state sequence and emissions inthe past. This assumption leads

to difficulties when modelling the temporal properties of events in an event recognition model.

For example, duration in an HMM is implicitly modelled by theprobability of self-transition in

a state. Due to the fact that probabilities are multiplied along a state sequence, the probability

of an event decreases exponentially with its duration, e.g.afterd self-transitions in the first state

of the network in Fig. 2.1, the probability of emitting/k/ becomes(a11b1(/k/))d, causing an

exponential decrease in the match of the model to the utteredword. This is very unnatural

and a number of alternative approaches have been considered, e.g. the imposition of minimum

and maximum duration by state duplication, in an acyclic HMM. For long duration ranges this

approach can result in very large models, with a large numberof parameters.

The focus in HMMs is on the stochastic nature of the event being modelled, i.e., the vari-

ability between different event occurrences. This issue isnot considered in this thesis. It is
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assumed that most of this variability is accounted for by thelow-level event recognition sys-

tem, which could use HMMs. The remaining variability at the higher level of event recognition

should be expressible in a symbolic, i.e., rule-based, format. The central issue in the the-

sis is the incorporation of explicit temporal constraints in the model, which is problematic in

HMMs. This is the main reason why HMMs are inappropriate for the examined event recogni-

tion task. Moreover, the implicit modelling of time is unnatural for the assumed format of the

input data, i.e., time-stamped events, and complicates therepresentation of overlapping events.

Overlapping events are unusual in speech processing, whereHMMs are most widely used. The

modelling of overlapping events corresponds to the modelling of different voices in a chorus

and their temporal dependencies.

2.1.2 Artificial Neural Networks (ANN)

Artificial neural networks have been applied extensively toclassification problems, including

several types of event recognition. In those areas they havebeen mostly seen as competitors to

HMMs and have often managed to outperform them. The reasons why they have not been con-

sidered in this thesis are similar to those mentioned above for HMMs. An additional difficulty

that arises in ANNs is the translation of expert knowledge toa distributed inference model

as found in an ANN and vice versa. This issue has attracted considerable attention recently,

but largely remains an open question. Some attempts to solvethis problem are mentioned in

section 2.2, which looks at knowledge refinement research. This section provides a very brief

overview of ANN approaches to modelling event recognition problems.

Multi-layered Perceptrons (MLP). MLP is the most popular ANN architecture for classifi-

cation models. An MLP can be graphically represented by a Directed Acyclic Graph (DAG),

the nodes of which are organised into layers, usually fully connected. Each node is associated

with an activation function, most often a sigmoidal transformation of the weighted sum of its

input. The input to the node is provided by the adjacent nodesin the graph. The input layer

of nodes corresponds to the representation of the data, e.g.low-level events, and the output

nodes provide the classification. Each output node corresponds usually to one class, e.g. one

high-level event. Figure 2.2 shows an example of such a network. Due to their widespread

use, MLPs were the first ANN models to be applied to event recognition problems, e.g. [92].
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The way in which this is usually achieved is by supplying a piece of the signal to the ANN

as input and requesting the classification of part of it. The remaining part acts as “contextual

information”, which is essential for performing event recognition. A similar, static, approach,

is to first decompose the signal into events, e.g. words, and supply these as input to the MLP

for classification, e.g. [35]. In both cases, the MLP architecture has been criticised as being

too rigid for processing time-dependent information, e.g.[52], and has been replaced by more

suitable architectures in recent years.

Input Layer

Hidden Layer

Output Layer

a1

c3 c4

a2 a3 a4 a5

c2c1

Figure 2.2: A Multi-Layered Perceptron (MLP).

Time-Delay Neural Networks (TDNN). A modified MLP architecture designed to capture

temporal speech patterns is the Time-Delay Neural Network [106]. This network consists of

two hidden layers, which aggregate information over time frames. Each node in the first hidden

layer receives input from a number of adjacent time frames and combines it in a weighted

sum, as in the standard MLP. Figure 2.3 shows a case where the input is described by a single

feature, e.g. frequency, and four time frames are used as input to the network. A similar process

happens at the next hidden layer, which receives the output of the first one over a number of

time frames. In Fig. 2.3, the second hidden layer uses the output of the first hidden layer over

two time frames. The time scale of the hidden stream differs from that of the input stream.

Their correspondence depends on the overlap between consecutive input patterns. If there is

no overlap, two time frames in the hidden stream of Fig. 2.3 correspond to eight in the input
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stream. The output nodes perform a weighted summation of theoutput of the nodes in the

second hidden layer, using a set of non-trainable weights. This architecture can result in very

Output

Hidden2

Hidden1

Input

Figure 2.3: A Time-Delay Neural Network (TDNN). The first hidden layer aggregates infor-
mation over four time frames in the input stream and the second over two frames in the hidden
stream. The input stream is one-dimensional and the hidden stream two-dimensional.

large parameter spaces, slowing down the learning rate, i.e., requiring a large training set. In

a simple phoneme-classification example, given in [106],(8 + 3) hidden nodes resulted in

504 adjustable weights. However, the use of temporal information in the model improves its

performance over the simple MLP. An extended version of the TDNN is incorporated in a large

speech-to-speech translation system, called JANUS [105].Interestingly, JANUS has been used

with overlapping speech, by two different speakers, recorded on separate channels. However,

this situation can be divided into two separate event recognition problems, which do not need

to be combined. Therefore no modelling of overlapping events is necessary. Modelling of

overlapping events with a TDNN is problematic.

Recurrent Neural Networks (RNN). Another approach to modelling time with ANNs is

the Recurrent Neural Network. An RNN extends the layered architecture of the MLP, with

additional links from the output to the hidden nodes. The values generated by the output

units are processed as additional input in the next time frame, providing information about the

previous state of the process. Figure 2.4 illustrates the structure of an RNN. An alternative

to using the values of the output nodes as contextual input isto use the output of the hidden
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nodes for the same purpose. One problem with RNNs, which is also a problem of TDNNs,

is that they cannot model temporal relations over long periods. As a result, these systems

have mostly been used for phoneme recognition, e.g. [109]. The issue of modelling longer

temporal relations with RNNs has attracted considerable attention lately, e.g. [6]. Another

open question for RNNs is the translation of declarative knowledge to an RNN and vice versa.

Efforts in that direction have concentrated in knowledge represented by deterministic [72] and

non-deterministic automata [32]. The motivation for this work is the translation of HMMs for

speech recognition into a distributed neural network representation. This would allow the use

of ANN learning algorithms for this kind of model. Even if this effort were to be fruitful,

however, an automaton representation and the corresponding RNN would not be suitable for

the problem examined in this thesis, as explained in section2.1.1.

Input Layer

Hidden Layer

Output Layer

s1

s3

s2 s3 a1 a2

s2s1

context

Figure 2.4: A Recurrent Neural Network (RNN).

2.1.3 Knowledge-based signal processing (KBSP)

Hidden Markov models and neural networks are particularly suitable to low-level event recog-

nition tasks, due to their stochastic modelling capabilities. They are less appropriate for high-

level event recognition, which involves temporal relations at a larger time scale and the ag-

gregation of information from separate sources. This limitation arises from their implicit mod-

elling of time. An example of a high-level event recognitionapplication is the speech-to-speech

translation system JANUS [105], mentioned above. In such a system the usual approach is to
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provide knowledge-based models which facilitate the high-level interpretation of the events

recognised at lower levels.

One of the earliest and most influential systems which adopted this approach is HEARSAY

II [29], which dealt with the problem of speech understanding. In this system a new problem-

solving strategy was introduced, calledopportunisticproblem solving, which uses the idea of

a blackboard architecture. This architecture uses a global data structure, the “blackboard”,

which allows the communication of a number of specialised tools, calledknowledge sources

(KSs). The KSs perform a range of specific tasks, for low-level, e.g. signal segmentation, and

high-level, e.g. syntactic inference, speech processing.The blackboard stores the best current

hypotheses about the problem to be solved, e.g. possibly identified sentence, and the KSs

continuously check the blackboard, aiming to contribute tothe solution. Each time, the most

promising, according to a heuristic, KS is selected and applied to the corresponding hypoth-

esis, updating the contents of the blackboard. The problem-solving session ends by another

heuristic, which evaluates the quality of the current hypothesis, taking also into account the

effort already spent on the problem. Figure 2.5 illustratesthis process. The same approach

was adopted in another acoustical event recognition problem, namely vessel classification by

passive sonar [70].

hypotheses

(possible events)

Blackboard

inference
strategy

KS1

KS2

KS3

input
data

data

control

Figure 2.5: A simplified illustration of a blackboard-basedsystem. The inference strategy
determines the order in which knowledge sources are appliedto the current hypotheses.
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Both of the above systems using the opportunistic inferencestrategy consisted of large

knowledge bases and a number of processing elements, i.e., the knowledge sources, dealing

with different parts of the inference. This was considered necessary, because of the scale of the

problems that were tackled. However, it resulted in very complex systems, suffering in terms

of efficiency. The main source of inefficiency is the unstructured problem-solving approach,

which needs to consider all KSs at each step of the solution. There have been several attempts

to remedy this inefficiency, primarily by structuring the available resources hierarchically and

moving through this hierarchy, during the problem-solvingsession. Examples of this approach

appear in [110] and [62].

A recent use of the idea of opportunistic problem-solving appears in the HST (Helicopter

Signal Tracker), the components of which are described in [51] and [24]. This is also one

of the few examples, where the issue of overlapping events isconsidered. The context in

which this problem is examined is the goal-oriented invocation of appropriate signal-processing

algorithms (SPA) for recognising separate events, happening simultaneously and recorded in

the same signal. In other words, the aim is the adaptation of SPAs to the current hypothesis in

the blackboard, in order to verify and refine it.

The systems described above differ fundamentally from the one proposed in the thesis in

two respects: their scope and their applicability. All these systems address a very complex

problem, resulting in equally complicated solutions. Suchan approach was not possible in

this thesis, for which the available resources were limited. This resulted in corresponding

restrictions on the scope of the work. One such restriction for example is the exclusion of signal

processing and low-level event recognition from the system. Opportunistic problem solving is

a very flexible, general-purpose inference mechanism. The specialisation of an opportunistic

system to a particular domain, e.g. speech recognition, is done only at the level of the selected

knowledge sources. The generality of the approach is also the main source of its inefficiency

and the reason why it is not suitable for the problem examinedhere. The inference mechanism

proposed in this thesis, restricts the applicability of thesystem, in order to achieve efficient

event recognition.

The HEARSAY II system, which introduced the idea of opportunistic problem solving,

was part of a larger effort to achieve real-time speech understanding. This effort was organised
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by ARPA1, which also specified a list of requirements for the desired system. There was a

small number of competing systems developed in this framework, most of which, including

HEARSAY II, did not satisfy the ARPA requirements in full. The only successful system was

HARPY, which provided a more structured solution to the problem. The HARPY system [53]

comprised:

• A syntactic definition of the format of legal sentences.

• A pronunciation dictionary, which described words in termsof phonemes.

• A set of juncture rules, dealing with the detection of word boundaries.

• A template-matching algorithm for the recognition of phonemes.

Each of these components was described in a separate language, but they were all compiled

into a state-transition network (STN). This network was thestrength and the weakness of the

system. It contained all legal phrases in the system, described in terms of transitions between

phonemes. The benefit from doing this was an increase in efficiency. The disadvantage was

that the resulting network was very large. Lowerre and Reedy[53] mention that the network

used for the ARPA exercise contained15000 nodes, using a restricted syntax and a dictionary

of 1011 words. This property of the system renders it inappropriatefor unconstrained speech

understanding problems.

The HARPY system shares several of its advantages and disadvantages with the system

proposed in the thesis. The main disadvantage of both is thatall events which can be recognised

need to be described explicitly. This can result in large event recognition models, especially

for tasks of the type of unconstrained speech understanding. The system proposed in this thesis

uses a hierarchical representation of the model, instead ofthe flat STN used in HARPY, result-

ing in more compact models with the possibility of alleviating the space-efficiency problem.

Further similarities and differences of the two systems arediscussed in chapter 3.

2.1.4 Temporal event recognition

The event recognition system proposed in this thesis is bestclassified under the category of

temporal event recognition systems. These systems accept as input a stream of time-stamped

low-level events, which the system uses to recognise high-level events of interest. The event

recognition model consists of high-level event definitions, which impose temporal constraints

1Advanced Research Projects Agency.
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on a set of subevents. Temporal logics are used to represent the temporal constraints and

constraint propagation algorithms perform the recognition of events.

Work on temporal event recognition can be traced back to the qualitative reasoning system

MUSE, presented in [48]. This system allows the definition ofqualitative relations between

events in the model, using an extended set of Allen’s relations for time intervals [2]. MUSE

receives input at every time instance and evaluates a set of low-level event prepositions, i.e., it

checks whether an event has started or ended at each time instance. In this way, the system can

determine the occurrence and duration of an event by its start and end point. This approach runs

into problems with events which cannot be recognised beforethey end. MUSE was applied to

a toy blocks-world problem.

More recently, temporal event recognition systems have been applied to real-world prob-

lems, such as process monitoring [46] and fault recognition[25]. These systems extend and

improve MUSE, allowing quantitative relations and using better constraint propagation algo-

rithms. Chapter 3 examines temporal event recognition systems in more detail and compares

them to the system proposed in this thesis.

2.1.5 Other approaches

Besides the above broad research areas, there have been someisolated approaches using differ-

ent techniques for event recognition. These approaches could be considered variants of KBSP,

but what distinguishes them from KBSP is that they use ideas from other research fields. This

section provides two examples of such methods.

Rough sets. Rough sets provide an alternative to rule induction from data, based on the idea

of redundancy reduction in the examined data set. An interesting introduction to the area is

given in [74]. In recent years, rough set construction methods have been applied to signal

processing with some success. For example, the performanceof a rough-set based speech

recognition system has been compared with that of an MLP [19]and the classification of musi-

cal instruments by rough set rules has been studied [47]. Theway in which these methods are

applied is similar to the MLP approaches described above andsuffer from the same problems

with the modelling of time.
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Fuzzy rule sets. There has been at least one effort to use fuzzy rule sets for the recognition

of events. The application area is the classification of dolphin sounds and the approach is de-

scribed in [96] and [3]. The proposed method is a way of post-processing the classification

results of a neural classifier, in order to take into account contextual information. The aim of

this post-processing stage is to provide more robust classification. Fuzzy rules are used for

evidence combination in the system. The system does not attempt high-level event classifica-

tion and therefore does not make use of temporal relations over a large time scale. It provides,

however, an interesting integration of an ANN classifier with expert knowledge to solve the

low-level event recognition task.

2.2 Knowledge refinement approaches

The central issue in this thesis is the development of refinement methods for an event recog-

nition model. The model is assumed to adhere to the criteria listed at the beginning of section

2.1. Moreover the refinement method should satisfy the following requirements, as explained

in chapter 1:

1. Refinement with a small training set. It is assumed that thenumber of examples for

each high-level event is small, ruling out purely empiricallearning methods.

2. Refinement of temporal parameters. The target of refinement is the set of numerical

parameters describing the events in the model, e.g. event duration.

3. Construction of the training set. The correspondence between input and feedback

data is not provided. The refinement method should establishthe mapping between

sequences of low-level events in the input stream and high-level events in the feed-

back stream. This task becomes particularly hard with the use of overlapping events.

Knowledge refinement deals with the issue of combining domain knowledge with empirical

data, in order to solve a difficult modelling problem, where the domain theory is inaccurate

and/or the training data is sparse. The following sections describe briefly the most influential

refinement methods for symbolic models, concentrating on the reasons why they cannot be

used here. The main problem is that they are not designed to deal with time-dependent data of

the form assumed above. In particular, they assume that the training set is organised as a set of

independent examples and therefore do not satisfy the thirdof the above requirements.
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The HMM and ANN approaches to event recognition, presented in section 2.1, facilitate

learning of the model parameters from data. In HMMs, the Baum-Welch algorithm and its

variants can be used to estimate the stochastic parameters of the model. Given an event, e.g. a

word, and the HMM, the parameter estimation establishes:

• the mapping between symbols and the event,

• the associations between symbols and states,

• the most common paths through the STN, corresponding to the event.

However, HMMs are inappropriate for explicit modelling of the temporal parameters. The only

way to achieve the desired refinement would be the development of a method which translates

the explicit parameters in the implicit model of time used inan HMM. This task becomes

particularly difficult when overlapping events are used.

The parameters of ANN models can also be estimated from data.The most commonly used

learning method is back-propagation of error. ANNs suffer from the same problems of explicit

time modelling as the HMMs. Moreover, the ANN learning methods require the use of a large

training set, due to the large number of parameters which need to be estimated. The source of

this problem is that learning aims at the construction of thecomplete event recognition model

from data. The initial ANN is a generic description of the parameter space and does not impose

constraints on the structure of the event recognition model. The translation of expert knowledge

to ANN representations is expected to improve the learning rate of ANNs, i.e., reduce the size

of the required data.

2.2.1 Explanation-based learning approaches

One of the earliest attempts to combine domain knowledge with empirical data is an approach

called Explanation-Based Learning (EBL). The primary taskin EBL is to change the domain

theory, in such a way as to make it directly usable in the rangeof tasks that the system needs to

perform. More specifically, in the case of classification, anEBL algorithm uses the theory to

generate classifiers, calledconcept descriptions, which are represented in the format of the in-

put data. In order to achieve this goal, the EBL algorithm examines a small number of positive

examples – perhaps only one – generating explanations of why, according to the domain the-

ory, they are positive examples of the concept. These explanations are generalised to remove

example-specific constraints. The result of this process isa concept description which is a
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generalisation of the examples and a specialisation of the domain theory, useful for identifying

positive examples of the concept.

The most influential EBL algorithm is Explanation-Based Generalisation (EBG) [65]. Fig-

ure 2.6 presents a narrative specification of the algorithm.Central to the EBG formalism is

the idea ofoperationality. It expresses the usability of a concept description and it is used to

define a stopping criterion for the generalisation of the training example. The initial concept

description is assumed to be non-operational, i.e., it is defined in terms of conditions which

cannot be directly verified. In other words, the representation of the concept differs from that

of the examples. The domain theory in EBG is usually expressed as a set of predicates, each

of which defines a subconcept. Some of these subconcepts are found in the definition of the

goal concept. Thus, the function of the goal concept description is to draw the attention of the

learner to those characteristics of the training example that are known to affect its membership

to the concept.

INPUT:

Goal Concept: A non-operational description of the concept to be learned.
[e.g. an arbitrary phrase as a sequence of words.]

Training Example: A positive example of the concept.
[e.g. a sequence of time-stamped phonemes.]

Domain Theory: A set of rules and facts, which are used for building the explanation.
[e.g. pronunciation dictionary, syntactic rules, etc.]

Operationality Criterion: A criterion for judging whether a concept description is di-
rectly usable.

[e.g. is the sentence expressed in terms of phonemes?]

OUTPUT:
An operational concept description, which is a generalisation of the example and a special-
isation of the theory.

[e.g. the sentence as a rule which associates the phonemes inthe example.]

Figure 2.6: The EBG formalism, from [65].

The EBG algorithm achieves the operationalisation of the concept description in two stages:

explanation and generalisation. In the first stage the theory is used to generate an explanation,



CHAPTER 2. ALTERNATIVE APPROACHES 46

which is an instantiated section of the domain theory and serves as a mapping between the ex-

ample and the concept. This task is performed by a top-down, deductive theorem prover. In the

second stage the generated explanation is generalised. Generalisation involves the replacement

of example-specific constants with variables and unification of the variables referring to the

same object. The result is a generalised explanation structure, which is a sufficient condition

for explaining that the example is an instance of the concept.

The main criticism of EBL is that it does not really perform a learning task. This criticism is

based on the concept ofknowledge level learning[22], which defines learning as the extension

of the deductive closureof the theory available to the system. The deductive closureof a

theory contains the theory itself and whatever can be deduced from it. Since the result of

EBL is a specialisation of the theory, i.e., it is included inthe deductive closure, EBL does not

involve knowledge-level learning. In other words, the system is not able to draw inferences

that it could not do before. What an EBL system learns, however, is how to perform certain

tasks more efficiently. A similar approach has been adopted in other systems, e.g. the EGGS

algorithm [67] and thechunkingprocess of Soar [88].

Another important problem in EBL is the assumption that the domain theory and the train-

ing example, are “perfect”. This assumption, is unrealistic and has been a major topic of re-

search in EBL in the recent years. In a review of EBL research [27] four types of imperfection

in the domain theory are identified:

• Incompleteness:not covering all positive examples.

• Incorrectness:incorrect classification of negative examples.

• Inconsistency: multiple inconsistent explanationsfor the same positive example.

• Intractability: no guarantee that an explanation can be derived in polynomial time.

Further to the imperfection of the domain theory, inconsistent or incorrect explanations can

result due to noisy training data.

Thus, the EBL algorithm does not perform knowledge refinement. However, there is a

number of systems which combine EBL with empirical learningalgorithms and they are able to

learn from positive and negative examples, aiming to remedyproblems in the original domain

theory. The following are examples of such systems:
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Abductive EBL (A-EBL) [17]. This algorithm deals with the problem of multiple inconsis-

tent explanations for positive examples. The assumed causeof the problem is the over-

generality of the domain theory. Whenever this phenomenon occurs, a selection criterion

is applied to choose the best explanation. The EBG algorithmis combined with a greedy

set cover method, which uses the negative examples to selectefficiently the best explana-

tion. The set cover algorithm is similar to that employed by the AQ-family of inductive

learning algorithms, e.g. AQ15 [60], CN2 [16], etc.

FOCL [80, 90]. This system combines an algorithm for inducing simple first-order clauses,

FOIL [84], with an inductively guided EBL method. FOIL is a first-order extension of

the ID3 algorithm [82], making use of set cover ideas from theAQ family of algorithms.

FOIL is being used by FOCL when EBL fails to correctly classify training examples, due

to an incorrect or incomplete theory. When this situation occurs, FOIL suggests a number

of possible corrections, evaluated by the entropy-basedinformation gaincriterion.

ML-SMART +EBL [7]. This algorithm incorporates ideas from the inductive learning algo-

rithm ML-SMART, in order to enhance the operationalisationprocess of its main EBL

structure. Similar to EBG, it uses a top-down theorem proverto construct explanations,

but improves EBG in many respects:

• It simultaneously constructs more than one explanation.

• Different explanations are evaluated on positive and negative examples.

• It uses a better operationality criterion, proposed in [45].

The above are only a few examples of a large number of systems,which combine EBL with em-

pirical methods to refine the original domain theory. The useof EBL makes this task tractable

even with the use of small data sets.

Some of the general concepts underlying these methods are also used in the refinement

method proposed in this thesis. An example of such a concept is the use of metrics to evaluate

competing modifications to the model. However, the above methods have been applied to

static classification problems, where time modelling is notan issue. For instance, the training

examples provided to the system are represented in the standard format, i.e., a set of input

values coupled with the correct classification. For this reason they are not directly applicable

to the refinement of event recognition models.
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2.2.2 Knowledge base refinement

The common feature of EBL-based hybrids is the use of the top-down theorem prover to explain

the concept membership of positive examples. The knowledgebase is treated as a theory and

the examples as facts which need to be proven. Alternatives to this approach are grouped

here under the categoryknowledge base(KB) refinement. The difference between the two

approaches is a methodological one rather than one of essence. In KB refinement, the aim is

to identify the most likely faults in the knowledge base, by collecting performance statistics

on the training set. This approach is designed to be used withlarge knowledge bases, where

theorem proving may be inefficient. The heuristics and cost functions used in the evaluation of

individual rules play a very important role in KB refinement.

One of the earliest systems to adopt this strategy was SEEK and its successor, SEEK2

[34].2 SEEK2 assumes that the knowledge base consists of single-consequence rules, i.e., the

conclusion of each rule relates always to a single variable,and that each rule is assigned acon-

fidence factor(CF), i.e., a belief on its consequence when it fires. The refinement concentrates

mainly on the modification of the CFs of the rules in the knowledge base. This is achieved

with the use of heuristics and performance statistics, evaluating individual rules in the knowl-

edge base. Performance statistics are collected by applying the knowledge base on the data

and monitoring the behaviour of individual rules. The number of times a rule participates in

the misclassification of examples is indicative of its correctness. Heuristics allow the use of

explicit biases in the selection of modifications. An important heuristic in that respect is the

bias for minimum change, i.e., modifications which incur only small changes to the knowledge

base are preferred.

KRUST [18] adopts a similar approach to knowledge refinement. The main difference

between KRUST and SEEK2 is that KRUST performs changes to therule structure, i.e., dele-

tion, replacement and insertion of rules in the knowledge base. Similar to SEEK2 a search for

promising modifications is performed, which generates all valid modifications and evaluates

them. The evaluation is based on statistical criteria aboutthe performance of each solution on

the data. A set of alternative knowledge bases are generatedand tested on the data. An impor-

tant problem with this approach is that the size of the searchspace increases exponentially with

2The main difference between the two versions of the system isthat the former is interactive, while the latter
automates the refinement process.
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the size of the knowledge base. Therefore exhaustive enumeration of the solutions becomes

impractical. An improved version of KRUST is incorporated in MUSKRAT [36], which is a

tool for knowledge acquisition and refinement. The new version of KRUST uses the idea of

“chestnut” cases to reduce the size of the search space for refinement. These cases are selected

by the expert as being representative of the problem to be solved.

Another recent example of a KB refinement tool is TGCI1 [23].3 This system adopts an

interesting alternative approach to refinement, integrating the refinement of the initial domain

theory with the construction of new features, i.e., change of the problem representation. The

original domain theory is expressed as an AND/OR/NOT tree, i.e., a tree in which each node

is a conjunction, disjunction or negation of its children. Each example in the training set is

evaluated using the original domain theory and the degree ofacceptance of the example by the

theory is calculated. Partial matches of the example to the theory suggest the construction of

new features. The refined theory is a compromise between the two ways of resolving conflicts,

i.e., modification of the theory and change of problem representation. The aim is to simplify

both the representation of the problem and the domain theoryand achieve better classifica-

tion. This approach faces a similar problem to KRUST, regarding the size of the search space.

Therefore an efficient heuristic search for good solutions is essential.

An interesting feature of the KB refinement approaches is thecalculation of local statistics

for parts of the knowledge base. This process requires a method for assigning credit and blame

for misclassification through a possibly complex set of rules. Chapter 6 examines this issue in

the context of parameter refinement under partial supervision. The argument for not applying

standard KB refinement methods to an event recognition modelis the same as for EBL-based

methods, i.e., they have not been designed to deal with temporal data.

2.2.3 ANN-based refinement

Artificial neural networks have been widely applied to empirical learning problems with con-

siderable success. The source of their success stems from their ability to estimate highly non-

linear models, which are necessary for many real-world problems. The good performance of

ANNs has inspired a recent effort to apply them on knowledge refinement tasks. The main

obstacle in this effort is the translation of symbolic domain knowledge into a distributed ANN

3A more extensive review of KB refinement systems, including some that are not discussed here, is provided in
[23].
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model and vice versa.

Most of this work has focused on MLP architectures. A representative example is the

KBANN system [98], which translates a propositional domaintheory into an MLP. Figure 2.7

illustrates this translation. The initial weights in the MLP are selected in a way that reproduces

the behaviour of the symbolic theory. The domain theory is anAND/OR/NOT tree similar to

TGCI1 described above. The units at different MLP layers correspond to different levels of the

theory tree, i.e., the children of a tree node are supportingnodes in the MLP. The initial MLP

constructed in that way is not fully connected. Additional connections are added, with small

weights, in order to allow the system to learn new dependencies between the variables in the

theory. Back-propagation is used for training the network and improving its performance on

training data. The translation of the resulting MLP back to asymbolic theory has also been

studied, but with less success, e.g. [97].
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or

ABC

A B C D E
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Figure 2.7: Translating a domain theory into an ANN. Strong links are represented by bold
lines, weak ones by thiner lines. Dashed lines stand for negative links.

In addition to the work on MLPs, the injection of prior knowledge to RNNs has been stud-

ied recently, e.g. [72, 32]. As discussed in section 2.1.2, the use of RNNs for event recognition

models suffers from one major problem: the handling of temporal relations over long time peri-

ods. This problem is particularly prominent when back-propagation is used for training RNNs.

Research on alternative training strategies as well as improved knowledge injection methods

for RNNs is currently an active research area, e.g. [6]. The type of knowledge representation,

which is mostly considered for injection in RNNs is a finite-state automaton, which is also the

representation used for HMMs.

An alternative to the translation of symbolic knowledge to an ANN, is the representation
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of symbolic knowledge in a way which allows the use of similartraining techniques as in an

ANN. Such a representation is theexpert network, which is studied in [49] and [54]. An expert

network is a knowledge base of the form used in SEEK2. The important feature of it is the

use of certainty factors in the firing rules, which can be treated in a similar manner as the

weights in an MLP. Thus, variants of back-propagation can beused for modifying the CFs in

the knowledge base. A further step is to use CFs as an indication for the removal of links and

nodes from the network or the addition of new ones. In other words, the modification of the

CFs is used as a fault-detection heuristic, in the manner used in the KB refinement methods

described above.

The above ANN-based methods are clearly not applicable to the refinement of event recog-

nition models, as examined in this thesis. However the errorpropagation methods used in

ANNs and expert networks provide an interesting alternative to the heuristic credit assignment

methods in KB refinement methods. The latter aim at the localisation of blame to individual

rules or rule parts. The ANN methods take a global view of the system, due to the distributed

nature of the inference mechanism. This difference is examined further in chapter 6.

2.2.4 Refinement of event recognition systems

There are a few exceptional cases, where methods for refiningsymbolic event recognition

models have been developed. Two such cases are briefly discussed here.

Plan refinement. A system for refining plans for speech recognition is described in [21, 20].

In the proposed speech recognition system, plans are used for invoking various knowledge

sources of the type described in section 2.1 above. These KSscan be signal processing tools,

which extract relevant signal features, or hypothesis formation tools, which help recognising

high-level events. The plans are represented in the form of conjunctive production rules and

can be modified by examples. Examples are represented by acoustic feature vectors, associated

with a class, e.g. a phoneme. The learning method is a simplified version of the AQ rule-

induction algorithm [60]. The focus of the learning method is on positive examples, which

cause the generalisation of rules, by either introducing rule disjunctions or dropping conditions

from conjunctive rules. Rules can also be specialised if they have a large misclassification
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rate. Despite the overall temporal nature of the system, thelearning task does not involve time-

dependent information, allowing the use of standard empirical learning techniques. This is not

the case in the problem examined in this thesis.

Genetic algorithms. Montana [66] describes a passive sonar recognition application, using

a rule-based system which can be refined with the use of a genetic algorithm. Knowledge

refinement concentrates on the certainty factors of rules, which are collected in a real-valued

string representing the parameters of the system. Positiveand negative4 recognition examples

are used in the optimisation of the parameter string. One problem with this approach is that it

ignores the structure of the rule base, treating all of its parameters collectively. This increases

the sample complexity of the system, i.e., the amount of training data required.

2.3 Summary

A variety of approaches to event recognition and knowledge refinement have been examined.

The event recognition approaches are mainly from the field ofspeech recognition and un-

derstanding. Hidden Markov models (HMMs) are currently themost popular method in this

area, allowing the stochastic modelling of various parts ofspeech. Artificial neural networks

(ANNs), in their various forms, are a popular competitor of HMMs. Their popularity results

from the use of simple methods for estimating the parametersof the model from data, e.g.

back-propagation. Knowledge-based signal processing (KBSP) methods facilitate the integra-

tion of various sources of knowledge in large-scale speech and signal understanding systems.

The goals and constraints of these approaches differ significantly from the event recognition

scenario presented in chapter 1 and for this reason they are not adopted in this thesis. The

event recognition system proposed in chapter 3 is an instance of temporal event recognition

systems. An important characteristic of this class of systems is the explicit representation of

time in event models.

Knowledge refinement is also a very active research area, which has produced a variety of

methods for improving knowledge bases with the use of training data. The methods which have

been presented here are representative of the activity in the field. EBL-based methods are hy-

brids of empirical learning methods with the deductive, explanation based learning approach.

4Strong negation is used.
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EBL focuses the refinement search to the parts of the domain theory used for a particular ex-

ample and the empirical methods are responsible for the correction of faults in the theory.

Knowledge base refinement methods have the same goal, i.e., fault correction, but they adopt

a different approach. The rules in the knowledge base are evaluated statistically, using the

training set and the most likely faults are identified by a setof heuristics. Finally, a method

which has attracted considerable attention in the recent past is the use of ANN-based refine-

ment. This approach requires the translation of symbolic knowledge to an ANN model and

vice versa. The main reason why the above methods are inappropriate for the task examined in

the thesis is their assumption about the format of the training data, i.e., explicit mapping of the

object description to the desired classification.

It is worth stressing that the decision not to use the above methods in this thesis was based

on the judgement that they need to be modified significantly inorder to be applicable to the

problem of interest. This argument does not imply that theiruse for the representation and

refinement of event recognition systems is impossible. Furthermore, one could decide on a

different problem representation, which removed the difficult temporal aspects of the problem.

Neither of these approaches is adopted here and instead novel representation and refinement

methods for event recognition models have been developed.
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Event Recognition System
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Chapter 3

A graphical representation for event

recognition

The representation of the event recognition model is studied in this chap-
ter. Thetemporal classification networkis described, a graphical repre-
sentation for efficient event recognition which imposes a structured hi-
erarchical modelling of the dependence between events. Therepresen-
tation assumes a symbolic event recognition model, mappinglow-level
events to the high-level events of interest. Time is modelled by explicit
temporal constraints on events, as in other temporal event recognition
systems. The types of constraint allowed in the model are discussed in
detail. The main contribution of the work presented in this chapter is the
structured approach to the design of the event recognition model and the
study of event types.

3.1 Event recognition as a temporal classification task

Event recognition entails the classification of input patterns over time into events of interest.

Thus, the event recognition task can be seen as a special caseof classification in which time

acquires particular significance.

The usual approach to classification is to construct a model which maps individual input

patterns to classes. The input patterns are presented as vectors of features which are evaluated

by the classification model and the class of the pattern is decided.1 Assuming for example that

the task domain is weather forecasting for the following day, some features which might be

relevant are the average temperature over the last five days,today’s cloud coverage, current

wind forces in the region, etc. The classification might be whether it is going to rain tomorrow

1In some cases the classes are not mutually exclusive and an input pattern can be mapped to more than one class.
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or not. The classification model for this problem may take various forms, e.g. a statistical

forecasting model, a neural network or a decision tree. An example, using a rule-based model

is the following:

IF 5-day-temp < 5◦C AND cloud-cov > 70%

OR cloud-cov > 40% AND wind-force < 4

THEN class=rain

Note that the classification problem examined in the above exampledoesinvolve time. The

temperature is averaged over five days, cloud coverage and wind forces are measured on the

current day and the prediction is for the day to follow. However, the representation of the

problem removes its temporal aspects and the classifier doesnot need to model time explicitly.

An example of this representational approach in event recognition is the TDNN method for

speech recognition, described in chapter 2. This approach is often sufficient for low-level event

recognition, where the time-scale involved is small and thenumber of features which need to be

extracted can be limited. However, it does not involve temporal modelling and is not included

in the notion of temporal classification as used in this thesis. A temporal classification model

for the weather forecasting example would ask questions of the following form:

• When was the last time it rained and for how long?

• Has there been a long period of sunshine in the past month?

Such questions cannot be simply incorporated in a feature-vector representation because they

measure weather characteristics over time periods, makingtime the central aspect of the model.

Event recognition, as examined in this thesis, involves thetemporal association of events

appearing in the input stream. Sequences of low-level events, which can be appropriately as-

sociated in time, are classified to a high-level event of interest. Instead of complicating the

representation of the input patterns, by trying to incorporate into it all the relevant temporal

aspects of the problem, it seems more practical to include time in the representation of the

classification model. Temporal logics, e.g. [2, 104, 93], are the natural choice for such a repre-

sentation. The strength and weakness of these representations stems from their expressiveness

and generality. Temporal logics can be applied to a variety of problems, e.g. planning [56],

control [46] and fault recognition [25], but without problem-specific restrictions they can lead

to inefficient classification. The representation described in this chapter trades expressiveness

for classification efficiency, restricting the model of timeto the needs of the event recognition
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task.

The event recognition scenario, described in chapter 1, when viewed as a temporal classi-

fication task, has the following important aspects:

• The input patterns are simply low-level events, including information about their start

and end times.

• Classification is incremental and the temporal order, in which the events appear, is

important.

• The classifier consists of a set of rules which determine the temporal relations be-

tween events.

• Due to the inherent relation between events, a sequence of input events, rather than a

single event, are mapped to the corresponding class, i.e., the high-level event.

• In addition to the classification of an event sequence, the time stamp of the high-level

event is determined by the classifier.

As an illustration of this classification process, assume anevent recognition task, which uses

the signal in Fig. 3.1. The four events marked in the signal, are those recognised by the low-
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Figure 3.1: An arbitrary signal, with four low-level events.

level event recognition system. The stream of input events for the temporal classifier will be:

A(0, 200), B(200, 400), C(300, 500), D(500, 600).



CHAPTER 3. A GRAPHICAL REPRESENTATION FOR EVENT RECOGNITION 58

A simple classification rule may take the form:2

IF A(i−A, i+A) AND B(i−B , i+B) AND i−B − i+A = 0

THEN Z(i−Z , i+Z ), WHERE i−Z = min(i−A, i−B) AND i+Z = max(i+A, i+B).

Using this rule, the high-level eventZ(0, 400) will be recognised, as soon asB(200, 400) is

received.

The rest of this chapter provides a more detailed description of the proposed temporal

representation, the temporal classification network (TCN). First, the nature of time in the rep-

resentation is discussed. Then the concept of a classification network is presented and proposed

as a graphical representation for event models. The temporal aspects of the representation are

examined in section 3.4. The use of temporal constraints is restricted to allow efficient event

recognition. The event recognition algorithm is describedin section 3.5. Finally, the differ-

ences of the TCN representation to related event recognition approaches are summarised in

section 3.6.

3.2 Time in temporal classification

The underlying nature of time has been the subject of research in many disciplines, e.g. Phi-

losophy, Logic and Artificial Intelligence (AI), resultingin a variety of theoretical and com-

putational models of time. One area, in which most of these ideas are being used, is the field

of AI concerned withtemporal reasoning, where temporal logics are combined with inference

mechanisms to build systems that reason about time. Due to their computational orientation,

some of the underlying ideas in this work are relevant here. Comprehensive overviews of the

work in temporal reasoning are provided in [93] and [103]. The temporal classification repre-

sentation presented here makes only limited use of the ideasin temporal reasoning. For this

reason, an extensive review of temporal reasoning is not given. Instead some of the basic ideas

about the handling of time in temporal reasoning systems arepresented, augmented with some

problem-specific considerations.

The nature of time. Time can be discrete or continuous, linear, branching or cyclic, bounded

or unbounded, relative or absolute. The choice of time-definition is usually dependent on the

2The notation(i−e , i+e ) denotes the time interval corresponding to the evente. i−e is the start andi+e the end of
the event.
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application. The most common choice for computational systems is for time to be discrete,

linear, bounded and absolute. These are the assumptions made in this thesis, too. Discreteness

simplifies the complexity of the temporal relations, which use integers, rather than real num-

bers. Linearity provides the temporal ordering of events, which is necessary for an incremental

classification system. The time bounds are not necessary, but they are imposed by the start and

end time of the classification session. Similarly, time is absolute because there is an underlying

time measurement mechanism which provides time stamps for the low-level events.

Temporal entities. The choice of the basic temporal entity type is the main source of dif-

ferentiation among temporal reasoning models. The two mostcommon approaches aretime

pointsandtime intervals. Point-based systems measure the state of the world at specific points

in time, in a snap-shot fashion. This approach resembles that of the speech recognition sys-

tems seen in chapter 2, although they are not temporal reasoning systems. An early example

of a point-based reasoning system can be found in [56]. Interval-based methods associate their

input with time intervals, e.g. the time stamp of an event. Interval-based methods are fur-

ther subdivided into those which use time-points in the definition of intervals, e.g. [104], and

those which use the time interval as the most primitive temporal object. In the latter type the

modelling of time is purely qualitative, e.g. [2]. The representation presented here uses time

intervals of the former type, i.e., time points underly the definition of the intervals, since the

start and end of the interval are discrete time points. This type of entity is common in temporal

event recognition systems.

Temporal relations. The repertoire of temporal relations included in a temporalreasoning

formalism is dictated to a large extent by the choice of temporal entities. A natural choice

when time points are used is the use of linear inequalities between the time points. These

can be used even with time intervals when these are defined in terms of their start and end

points, e.g. [104, 46]. Using the example of Fig. 3.1, a temporal relation might check whether

i−A < i−B , i.e.,A starts beforeB. Three types of relation can be used for time points:<,=,>.

Interval-based methods are more complex. An influential qualitative approach for interval-

based methods isAllen’s interval algebra[2], where a comprehensive list of the relations that

can be defined between a pair of distinct, finite, convex intervals is presented. Half of these

relations are presented in Fig. 3.2. The other half consistsof their inverse relations. The
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Figure 3.2: Possible relations between a pair of intervals.The symbols assigned to the relations
are the ones given in [2] and they stand for the following relations: < : before, m: meets, o:
overlaps, f: finishes, s: starts, d: during.

approach adopted in this chapter is a quantitative one. Relations are defined between intervals,

but can be translated into time-point relations, using the underlying representation of intervals

by their start and end points. An example of such a relation would be: i−B − i−A > 5, i.e., B

must start at least5 time points latter than A. This kind of relation has been usedin temporal

event recognition systems, e.g. [26, 46, 25]. However, the repertoire of temporal relations in

the TCN formalism is more restricted than in other temporal event recognition systems, aiming

to increase the efficiency of event recognition.

Repeating events. The issue of events which are repetitions of low-order events is of partic-

ular relevance to event recognition systems. Using again the example of Fig. 3.1, a repeating

eventY might be recognised as a sequence ofA’s. The representation of the event should

allow the specification of sequence length and the temporal aspects of the component events.

Repeating orrecurring events have been paid less attention in temporal reasoning research.

Morris et al. [68] present a qualitative approach to recurring events, represented by collec-

tions of non-overlapping convex intervals. Temporal eventrecognition systems have not dealt

with repeating events. A quantitative approach to the representation of repeating events, in the

restricted context of the TCN representation, is provided later in the chapter.
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Uncertain time measurement and relations. Uncertainty in the measurement of time and

the relations between temporal entities is a problem that every real-world temporal system

faces, e.g. [46, 31]. The approach taken here is to use numerical ranges instead of absolute

values in the temporal constraints. Any value within the specified range satisfies the constraint.

Mapping event sequences to events.The function of the temporal classification system pre-

sented in this chapter is to provide a mapping between sequences of low-level events and in-

dividual occurrences of high-level events. This is an important assumption, which seems nat-

ural for temporal classification, but cannot be made in most temporal reasoning systems, e.g.

planners. This mapping underlies the definition of events which is described in the following

section.

3.3 Temporal modelling of events

In the representation proposed in this chapter, events are modelled as sequences of subevents.

The subevents of an event are either low-level events, appearing in the input data, or high-

level events which are themselves modelled as subevent sequences. This section studies the

properties of this hierarchical event modelling approach.

3.3.1 Low-level event recognition

One of the main assumptions in the thesis is that an external system interfaces the raw signal

with the temporal classifier. This system performs the recognition of the four events in Fig. 3.1,

for example. Although this system will not be examined in thethesis, some of the assumptions

that are made about its functionality are important. These are discussed here.

Low-level event recognition may be performed by one of the methods described in chapter

2, e.g. TDNN, HMM, etc., which sample the raw signal at a fixed frequency, measuring several

properties of interest, e.g. frequency change and intensity. The elementary time unit may vary

and will not be specified here. The information collected in aparticular time interval is used

to recognise events which have occurred in this interval. Inother words, the low-level event

recognition system is itself a classifier, mapping patternsof input features to low-level events. It

can be described in terms of a set of predicatesH0, each of which corresponds to one low-level
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event and has the following form:3

H0 = {h : I × P → B = {T, F}}, (3.1)

whereT andF stand for true and false,I = {i|i = (i−, i+)} is the set of all possible time

intervals, andP the set of input features, i.e., signal properties used in the classification. If

E0 is the set of interesting low-level events, uniquely identified by a label called the event

signature,4 there is a one-to-one mapping between the members ofH0 and those ofE0 and the

predicate corresponding to an evente ∈ E0, is indexed bye, i.e.,he ∈ H0.

The input features that are used in the classification are notof interest here and can thus be

omitted to simplify the definition of the functions inH0, which now map intervals to events.

By applying the predicatehe ∈ H0 to an intervali ∈ I, the question which is asked, is whether

the evente has occurred, starting ati− and ending ati+. If this is the case thenhe(i) is true.

The input to the temporal classifier consists of a sequence ofoccurrences of events inE0,

which take the following form:

B0 = {e(i)|e ∈ E0, i ∈ I},

wherehe(i) holds. The time intervali = (i−, i+) is termed thetime stampof the event

occurrence andi−, i+, thestart andendof the occurrence. The relationship betweeneventand

occurrenceis a type-token, or class-instance, one. In the example of Fig. 3.1,A,B are events,

(0, 200), (200, 400) are intervals,A(0, 200), B(200, 400) are occurrences with signaturesA,B

and time stamps(0, 200), (200, 400) respectively.

The input to the temporal classifier does not contain any other information, apart from the

event signature and time stamp, but it could be extended to doso. For example an interesting

piece of information about an occurrence is the degree of belief in the recognition of the event.

3.3.2 Event recognition function types

In the above discussion and in the rest of the work presented here, the assumption about the

event recognition predicates is that they associate occurrences with thecorrect time stamps,

i.e., if he(i) is true theni provides the start and end time points for the occurrence ofe. As a

clarification, this does not mean that the time-points are accurate, but they are the best guess

3The superfix0 is used to denote that the examined events are low-level ones.
4Note that the use of the term signature here is different thanin signal processing.
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of the low-level event recognition system about when the event happened. An alternative in-

terpretation, which could be used, is thate has happened some time withini. This alternative

is not appropriate for temporal event recognition systems,because the temporal constraints in

such systems involve the start and end of events. If these arenot known, the validity of the

constraints cannot be verified.

A further assumption about the event recognition predicates is that they recognise consis-

tently all relevant events. The combination of these two assumptions has an interesting impli-

cation to the type of function that can be used for low-level event recognition. In the discussion

below, the concept ofsubintervalis needed, which is defined as follows:

Definition 1 Let i = (i−, i+), j = (j−, j+) ∈ I. j is a subinterval ofi, denoted byj ⊂I i, if

and only ifi− ≤ j− andi+ ≥ j+ andi 6= j.

Universally subsumed events. There is a class of function for which every subinterval of

the interval associated with the event occurrence can be mapped itself to an occurrence of the

same event. More formally,

he(i)→











(a) point-interval(i) or

(b) ∀j, j ⊂I i, he(j),

wherepoint-interval is an interval of length1, i.e.,i+ = i− + 1. Universally subsumed

events are the result of ill-defined event recognition predicates of the kind:intensity(i) =

10dB, i.e., all intervals in which the intensity of the signal remains constant at10dB. Such a

function would cause the recognition of the event forall subintervals of each interval in which

the event recognition predicate holds. Therefore this typeof function is not appropriate for

defining events and detecting their start and end points.

Self-exclusive events. The other extreme is to disallow self-subsumption of events, i.e.,

he(i)→ ∄j, j ⊂I i, he(j).

In practice this type of event is very interesting. An example would be to look for maximum

intervals of constant intensity. The start and end points ofsuch an event are well-defined

and none of its subintervals satisfies the ‘maximum interval’ constraint. However, there is a

theoretical problem with the set of self-exclusive event recognition predicates, namely it is not
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closed under the basic logical operators. For example, assuming two self-exclusive predicates

hA andhB , their disjunction,hA ∨ hB is not self-exclusive, since an occurrence ofA can

subsume an occurrence ofB and vice versa. A closed set of event types is desirable for the

hierarchical representation of events presented in the following section. Note that the use of

self-exclusive event recognition functions is not prohibited and in fact it is encouraged, because

it reduces the uncertainty in the temporal classification stage.

3.3.3 Recognition time for events

Events in this thesis are strictly durative, i.e., they havea start and end time and their duration is

important. Instantaneous events can be represented in thisframework by events of duration1.

Strictly durative events are not common in temporal event recognition systems, which usually

combine both instantaneous and durative events. In most of these systems, input is received

at every time point and the events which have happened at thatpoint are recognised. In other

words, low-level events are instantaneous. Durative events are modelled by their start and end

points, which are treated as instantaneous events. For instance, in order to recognise the event

in which the intensity of the signal is10dB, an instantaneous event is recognised, when the

intensity first takes the value10dB and another when it changes to a different value.

The two alternative approaches have one fundamental difference: the time of recognition

for the events. If instantaneous events underly the recognition of durative ones, an assumption

is made that both the start and end of a durative event can be recognised as they occur. The

motivation for this approach is on-line and predictive recognition of events, i.e., maintaining

at each instance a set of partially recognised events, whichhave started but not ended. This

assumption cannot always be satisfied. For instance, a word in speech recognition cannot be

recognised before it ends. The alternative approach of treating events as durative makes the

weaker assumption that events can be recognised when they end. Thus, a larger class of events

can be represented. This is an important difference of the TCN representation to other temporal

event recognition systems.

3.3.4 Hierarchical definition of events

The event recognition model is assumed to be a symbolic one. More precisely, a set of rules,

which determine the mapping between low-level and high-level events. In addition, the rules
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specify temporal constraints on the relation between the low-level events and determine the

time stamp of the high-level event occurrence. The discussion in this section ignores the tem-

poral components of the rules and it concentrates on their structure.

One common approach to rule-based systems is that of production systems [10]. A produc-

tion system is made of a database, a rule base and an inferencemechanism. In the case of the

incremental event recognition system, the database must bea dynamic one, i.e., it is updated

incrementally by external input. It consists of event occurrences of the form:

A(0, 200), B(200, 400), C(300, 500),D(500, 600), . . .

The rule base consists ofIF . . . THEN rules, which are applied to the database and update it

if they fire. An example of such a rule, ignoring the temporal constraints, would be:

IF A AND B THEN Y .

SinceA andB occur in the database,Y will be added, with the right time stamp. The left

hand side (LHS) of the rule is a logical combination of variables, events in this case, using

the basic logical operators. The right hand side (RHS) of therule may consist of more than

one variables, in which case all of them need to be added to thedatabase when the rule fires.

Chained inference can take place, in the sense that if there is a second rule:

IF C AND Y THEN Z,

an occurrence ofZ is added to the database, whenY occurs. The inference mechanism speci-

fies the order in which rules are evaluated. A common restriction in production systems is that

there are no inference loops, i.e. the following rule is not allowed:

IF D AND Z THEN Y .

This restriction is made also here and is referred to as theacyclicity assumption.

An important consideration in the design of a production system is the efficiency of the

rule-evaluation strategy. This can be particularly critical for an event recognition system, where

the database changes incrementally over time. Examples of such production systems are the

blackboard-based speech and signal understanding systemsmentioned in chapter 2. The ap-

proach adopted here for achieving efficient inference is to structure the rule base as a hierarchy

of event definitions. In other words, each rule defines an event, which is the variable on the

RHS of the rule. If more than one variable appears on the RHS ofthe rule, the rule can be

separated into a number of individual ones containing each of the corresponding variables.

Using the acyclicity assumption, a strict partial order canbe imposed on the variables,
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i.e., the events, and the rule base can be represented as a Directed Acyclic Graph (DAG)

G = (V,E). The vertices,V , of the graph correspond to the events and the edgesE to the

dependences between them. Figure 3.3 shows an example of such a DAG, using the two rules

mentioned above. The relationE defined by the edges of the graph is termedevent supportand

A

Z

B C

Y

Figure 3.3: Graphical illustration of two event recognition rules.

the partial order represented by the graphpartial support order. The partial order is denoted

by the symbol<p and is the transitive closure of the support relationE, denoted by→s below:

∀n,m ∈ V, n <p m iff. n 6= m and











(a) n→s m or

(b) ∃p ∈ V, n <p p and p→s m.

(3.2)

Using this definition, a partially ordered setV ′ of events can be generated. Algorithms for pro-

ducing the ordered set can be found in [102]. In the example ofFig. 3.3 this set is{A,B,C, Y, Z}.

As will be seen below, this ordering of events allows the use of an efficient event recognition

strategy.

The partial support order can also be used to define the concept of order as a characteristic

of events. The low-level events are named0-order and the events defined on them1-order. New

2-order events can be defined on0-order and1-order ones and so on, building a hierarchy of

event definitions. Thus, the order of an eventek is:

order(ek) =











0, if ek is a low-level event or

n + 1, n = maxj(order(ej)), ej →s ek.

(3.3)

All eventsej , which are used in the definition of a higher-order eventek, i.e., ej →s ek, are

namedsubeventsof ek. Note thatn-order events might include in their definition subevents of
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order< (n−1). The setsH0, E0 andB0, corresponding to low-level events, event recognition

functions and event occurrences, can be extended to cover the whole set of events inG:

H = H0
⋃

H1
⋃

. . .
⋃

Hmax,

E = E0
⋃

E1
⋃

. . .
⋃

Emax,

B = B0
⋃

B1
⋃

. . .
⋃

Bmax,

wheremax is the maximum order in the model. In order to be distinguished from the0-order

ones, the termevent definitionswill be used for event recognition functions ofn-order, where

n > 0. The ultimate goal of temporal classification is the recognition of a selected set of special

events, which can be of any order (> 0) and are not used in the definition of any other event.

Classification network

The extension of the set of event recognition functions allows another interesting view of the

DAG. Since the mapping between events and event recognitionfunctions is one-to-one, the

vertices of the graph can be replaced by event recognition functions and the DAG can be seen

as a computational, classification network. The input to thenetwork is provided by the0-order

event recognition functions and passed on to the higher-order ones. Classification is propagated

through the network in this way and the output nodes, i.e., the events which are not used as a

support for other events, provide the final classification. In the cases seen so far, the event

recognition functions are simple logical operators. In order to deal with the temporal aspects

of event recognition, non-boolean functions should be allowed in a classification network.

This argument can be carried further, broadening the applicability of classification networks

to tasks other than event recognition. The generic definition of a classification network is a

DAG N = (F,D) the nodesF of which can be defined as a set of functions:

F = {f : Ja → O, a ∈ N+},

where the inputJ and outputO sets vary, depending on the type of the function, anda corre-

sponds to the arity of the function. The set of edgesD of the graph are directed links between

the functions, passing the output of one function as input toothers. Input and output to each

function may be boolean or numeric and the type of function used in different nodes may vary.
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On such a general basis, classification networks can be seen as a generic representation for

many other classification systems.5 Figure 3.4 presents a generic classification network.

i1

c1 c3

i2 i3 i4 i5 i6 i7

f3

f5 f6

f2f1

c2

f4

Figure 3.4: A generic classification network. Input nodes are labelled asix, classification nodes
ascx and intermediate functions asfx.

The majority of the classification systems assume a feature-vector representation of the

input data and require all0-order functions to be evaluated each time new input is provided.

It is important to note that in an incremental event recognition task this is not the case. The

input to the function is accumulated over time and the function can be evaluated when all the

necessary input is available. This feature of the problem has an important effect on the design

of the database and the inference mechanism, as described insection 3.5.

Event and subevent types

There are three types of event definition allowed in the representation:conjunctive, disjunctive

and repeating. Negation is represented by defining two separate types of support relation:

supportingandrejecting. Subevents related with a supporting relation to the definedevent are

calledsupportingsubevents. All the definitions seen so far consisted of supporting subevents.

Rejectingsubevents are used to stop the recognition of the defined event. In other words,

supportingsubevents can be seen as positive andrejectingones as negative evidence for the

defined event. An example of a rule which contains both types of relation would be:

5This can trivially be proven for decision trees and MLP’s forexample, but it is outside the scope of this
discussion.
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IF A AND B AND NOT D THEN Y .

Graphically, rejecting links are represented by a crossed edge in the network, as in Fig. 3.5(a).

An alternative representation of negation, which does not require the two separate relation types

A

Z

B D

Y

C

(a) Rejecting subevent.

A

Z

B D

Y

C

D

(b) Negating function.

A

Z

B D

Y

C

(c) Double link.

Figure 3.5: Representing negation in a classification network.

would be to allow for negating functions as nodes in the classification network, as seen in Fig.

3.5(b). The reason why this approach is not adopted here is because the function would not be a

sensible event recognition function any more. It would be truealways, when the corresponding

subevent does not occur. In other words, it would lead to universally subsumed events, which

are not practical in event recognition, as seen in section 3.3.2 above.

The use of time stamps allows the distinction between different occurrences of an event,

which is ignored in the rules presented so far. This is an important feature of the problem, be-

cause it allows multiple input from the same subevent. For example, two separate occurrences

of A may be needed in order to recogniseY . The event recognition predicatehY , which defines

Y , distinguishes between the two occurrences ofA, by requiring them to have different time

stamps. Moreover, a subevent may be both supporting and rejecting the higher-order event,

e.g. one occurrence ofB, with some temporal characteristics, may support and another, with

different temporal characteristics, may reject the recognition of Y . This can be graphically

represented by a double link between the events, as in Fig. 3.5(c).

A repeating event definition consists of a single supportingsubevent, which needs to be

repeated a certain number of times. For example, eventY ∗ may be defined as a sequence of

occurrences of eventY . The number of required repetitions ofY is allowed to vary within a
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range, e.g.[1..10], meaning that1 to 10 repetitions ofY would cause the recognition ofY ∗. By

definition, the event recognition function forY ∗ makes multiple use of the subeventY . Such a

definition could also be represented as a disjunction of conjunctive events, but this would cause

a very large increase in the size of the network.6

Consumption of event occurrences

An event of ordern can be used in more than one definition of events of order> n. This

has an implication on the way in which event occurrences areconsumedin the recognition of

higher-order events. For example, if eventsA, B andC support eventY and eventsA, B and

D eventZ, both eventsY andZ can be recognised with the use of the same occurrences ofA

andB. This is not desirable ifY andZ are mutually exclusive. Mutually exclusive classes are

the norm in classification systems, but alternatives have been examined, e.g. [59].

In a classification network, complex situations may arise with the use of events which are

not mutually exclusive. For instance, eventsY andZ may define a higher-order eventW . This

scenario is shown in Fig. 3.6. In that caseW would be recognised using the occurrences ofY

andZ, ignoring the fact that these use the same supporting evidence. A possible solution to

this would be to flatten the definition ofW , requiring the recognition of the full0-order event

sequence, i.e.,(A,B,C,A,B,D) to recognise it. This approach is adopted by the HARPY

system, briefly presented in chapter 2 (see also section 3.6.2).

C

Z

A B

Y

D

W

Figure 3.6: Multiple use of subevents.

Flattening the CN is one approach to the consumption of eventoccurrences which assumes

mutually exclusive events. In practical terms this means that low-order event occurrences, e.g.

6In this example,10 extra nodes and64 extra links would be required.
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occurrences ofA andB, which are used in the recognition of a higher-order event, e.g. an

occurrence ofY , should be removed from the database. The rationale behind this is that if

an occurrence ofA is associated with an occurrence ofY , it cannot at the same time be used

in the recognition ofZ. Although this is an intuitive assumption to make, it introduces the

problem of choosing among alternative higher-order events, which are supported by the same

subevents. An alternative viewpoint is to consider the occurrence of an event as evidence for

the occurrence of higher-order events. In that case, the occurrence ofA should not be removed

from the database when it is used to recogniseY and it could be used in the recognition of

Z. If Y andZ are really mutually exclusive, a post-processing mechanism may be needed to

decide which of the recognised higher-order events is most likely to account for the underlying

sequence of low-order events.

There are arguments for and against each approach. In this thesis, the latter approach is

chosen, under the simplifying assumption that the temporalconstraints in the model prevent

the use of the same event occurrence in the recognition of more than one higher-order events,

when this is required, i.e., when the high-order events are mutually exclusive. Thus, in the

example presented above, the temporal constraints in the definition of eventsY andZ could

make it impossible to use the same occurrences of eventsA andB in the recognition of both

Y andZ. Otherwise bothY andZ are recognised. This approach is common in temporal

event recognition systems, but it is not necessarily the best option in every application. Speech

recognition is an obvious example where problems may arise.This issue requires further study,

which is outside the scope of this thesis.

3.4 Temporal relations in an event recognition model

The discussion so far has concentrated on the logical part ofthe event recognition predicates,

ignoring the temporal aspects of the task. This section describes the incorporation of temporal

constraints in the event recognition functions.

3.4.1 Temporal association in event definitions

The definition of evente is an event recognition predicatehe, which combines logically and

temporally a set of subeventsEe. The logical part of the function can be seen as a constraint
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on the truth values of the subevent predicates and the temporal part is a constraint on the time

stamps of the corresponding subevent occurrences. As an example, assume the following event

recognition rule:

IF A(i−A, i+A) AND B(i−B , i+B) AND tc({(i−A , i+A), (i−B , i+B)})

THEN Z(i−Z , i+Z ), WHERE (i−Z , i+Z ) = st({(i−A, i+A), (i−B , i+B)})

In this rule(i−A, i+A), (i−B , i+B) are the time stamps of the subevent occurrences,A andB, tc the

function specifying the temporal constraint,(i−Z , i+Z ) the time stamp ofZ andst the function

which calculates it. The following is an example of such a rule, presented in section 3.1:

IF A(i−A, i+A) AND B(i−B , i+B) AND i−B − i+A = 0

THEN Z(i−Z , i+Z ), WHERE i−Z = min(i−A, i−B) AND i+Z = max(i+A, i+B).

In this example the only temporal constraint isi−B − i+A = 0, i.e., that the end of the occurrence

of A should coincide with the start ofB. The time stamp for eventZ uses the start,i−A, of the

earlier and the end,i+B , of the later occurrence to cover the duration of the subevent sequence,

i.e., (A(i−A, i+A), B(i−B , i+B)). Thus,(A(0, 200), B(200, 400)) would cause the recognition of

Z(0, 400). The st function does not impose a constraint on the recognition ofZ and will

therefore be ignored until the end of the section.

The above rule can be expressed in the notation of event recognition predicates as:

hZ((i−Z , i+Z )) = hA((i−A, i+A)) ∧ hB((i−B , i+B)) ∧ tc({(i−A , i+A), (i−B , i+B)}),

wherehZ is the predicate associatingZ with the time stamp(i−Z , i+Z ). It would be true for

example forhZ((0, 400)). The generic form of the event recognition predicate for conjunctive

events is:

he(i) = he1(i1) ∧ he2(i2) ∧ . . . ∧ hen(in)∧

¬(hen+1(in+1) ∧ hen+2(in+2) ∧ . . . ∧ hem(im))∧

tc({i1, i2, . . . , in, in+1, in+2, . . . , im}),

where{e1, e2, . . . , en} is the set of supporting subevents fore,

{i1, i2, . . . , in} the intervals (time stamps) for the supporting subevent occurrences,

{en+1, en+2, . . . , em} are the rejecting subevents fore,

{in+1, in+2, . . . , im} the intervals for the rejecting subevent occurrences and

tc the function specifying the temporal constraints on the time intervals.
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Note that the subevents in the definition are not necessarilydistinct, i.e., it is possible that

e1 = e2. If this is the case, the corresponding occurrence intervals should be different, i.e.,

i1 6= i2. For example, ifhZ requires the recognition of two occurrences ofA, hA(iA1) and

hA(iA2), the two occurrences should be distinct,iA1 6= iA2 . Similarly for disjunctive events:

he(i) = he1(i1) ∨ he2(i2) ∨ . . . ∨ hen(in)∧

tc({i1, i2, . . . , in}),

where the variables are defined as above. Note that only supporting subevents are allowed in

disjunctive definitions. The repeating event definition is an extension of the conjunctive one,

excluding rejecting subevents:

he(i) = he1(i1) ∧ he2(i2) ∧ . . . ∧ hen(in)∧

w ≤ |{e1, e2, . . . , en}| ≤ z

tc({i1, i2, . . . , in}),

where[w..z] is the range of required repetitions. A significant difference of this definition from

the conjunctive one is thate1 = e2 = . . . = en, i.e., there is only one event used as a supporting

subevent. Therefore, the time intervals must be distinct, i.e.,i1 6= i2 6= . . . 6= in. The following

discussion will concentrate on conjunctive events. The treatment of the other two event types

is similar and only their differences from the conjunctive events are discussed.

3.4.2 Types of temporal constraint

The tc function is itself composite. It is a conjunction of predicates, each of which imposes

a constraint on a subset of the involved intervals. Two typesof constraint are used in the rep-

resentation: unary, i.e., involving a single interval and therefore a single subevent, and binary,

involving a pair of subevents. In order to avoid confusion about the origin of the constrained

intervals, the following discussion assumes that constraints are imposed directly on subevents,

rather than their intervals, i.e., occurrence time stamps.

Unary constraints restrict the duration of the subevents. The notation used henceforth for

the duration constraint is:

duration(ek, ej , d),

whereek is the event being defined,ej the subevent andd the duration constraint. In its

simplest form,d is a positive integer corresponding to the length of the timeinterval associated
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with the occurrence ofej . For example,duration(Z,A, 200) requires that the duration of

A in the definition ofZ is 200. Thus, the occurrenceA(0, 200) would satisfy the constraint.

When the duration constraint is a single integer value, it istermedplastic. The proposed model

extends the duration constraint to allow for uncertainty inthe required duration for the event

occurrence. Instead ofd being a constant value, a numeric ranged = [d−..d+] is used and all

integers in the range satisfy the constraint. Thus,duration(Z,A, [180..220]) is satisfied by

A(0, 195), A(50, 230) andA(50, 270). This type of duration constraint is calledelastic. Each

of the two limits of the constraint range is allowed to be undefined, denoted by the symbol ‘?’

for the upper limit and by the minimum duration,1, for the lower limit.

Binary constraints specify the relative occurrence of subevents. There are various choices

for the relational temporal constraint and the most appropriate one will depend on the appli-

cation. In some applications more than one type of relation may be needed. The relational

constraint proposed here makes several restrictive assumptions about the order of subevents

in an event definition, in order to achieve efficient classification. An important requirement

is that subevents are allowed to overlap and even be completely subsumed by each other.

Clearly binary constraints are not applicable to disjunctive events, since each of their supporting

subevents is treated individually, i.e., a single subeventoccurrence can cause the recognition of

the higher-order event.

The first assumption which has already been made above is thatthe constraints are binary,

i.e., only two subevents participate in each relation. Eachconstraint restricts the occurrence

of one of the subevents, i.e., its time stamp, relative to theoccurrence of a second one. The

following general notation will be used for the binary constraint:

precedes(ek, eh, ej , r),

whereek is the event being defined,eh andej , h 6= j, two subevents in its definition andr is

a numeric constraint on the time stamps ofeh andej . Note that the two subevents may have

the same signature, i.e.,eh = ej, but their intervals, i.e., time stamps, must be different.As the

name of the relation implies, the assumption is made thateh has to be recognised before or at

the same time asej , i.e., the end time point of the occurrence ofej is greater than or equal to

that ofeh. This is also the first constraint imposed on the two subevents. If it is not satisfied,

the recognition ofek fails. This is a weak qualitative constraint on the subeventintervals,

corresponding to a disjunction of the six interval relations in Allen’s algebra (see section 3.2),
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excluding their inverse relations and adding the equality7 relation. If the qualitative binary

precedesrelation is defined as the equivalent of theprecedes relation for time intervals,

then for intervalsi1, i2 ∈ I:

(i1 precedesi2) = (i1 {<, m, o, f, s, d,=} i2)

where (<, m, o, f, s, d) are as presented in Fig. 3.2.

Finally, thest function, used in the calculation of the time stamp for the defined event, is

simply chosen to cover the whole sequence of subevents in thedefinition. For example, given

event occurrencesA(0, 200) andB(200, 400), eventZ(0, 400) will be recognised. For this

reason, two of the subevents are of particular importance, because they determine the duration

of the recognised event. These are theinitial subevent, i.e., the one with the earliest start

point, and theterminal subevent, i.e., the one with the latest end point. Using the properties

of theprecedes relation, the choice of terminal subevents can be limited tothose which do

not precede any other subevents. The same is not possible forthe initial subevent, since the

subevent which is recognised first is not necessarily the initial one. A subevent which is not

preceded by any other may be completely contained in one of the subevents that it precedes.

Due to their special status, potentially terminal subevents are used to trigger the inference

mechanism. No processing takes place when the incoming event occurrences are non-terminal.

3.4.3 Temporal distances

The addition of the quantitative constraintr restricts the relation between the two intervals

further. For example, it may require that eventA ends10 time units before eventB starts, in

order forZ to be recognised. Using again the general form of theprecedes relation:

precedes(ek, eh, ej , r),

the quantitative constraint uses the second subevent,ej , as thereference pointon the time axis

to constrain the occurrence of the earlier event,eh. Since each event occurrence is associated

with a time interval, rather than a single point in time, there are two time points which can be

used forreference, i.e., the start or the end ofej. Similarly, two offsetpoints, i.e., the start

and end ofeh, can be constrained by the relation. The definition ofr chosen here specifies the

7Only for different subevent signatures.
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length of the interval between the end of the earlier,eh, and the start of the later,ej , subevent.

This relation is called thetemporal distanceof the two subevents. Figure 3.7 presents example

distances between the two intervals corresponding toeh, ej .

i j
- i j
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i jih
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Figure 3.7: Examples of temporal distances.

The qualitative relation between the intervals differs, depending on the choice of distance

value and the duration of the intervals. Negative distancesrepresent overlapping intervals. In

order to guarantee consistency with the qualitativeprecedes relation, the value ofr must be

greater than the duration of the preceded subevent, i.e.,eh is not allowed to overlapej , by more

thanej ’s duration.

As with the duration constraint, in the simplest case the distance constraint is plastic, i.e.,r

takes an integer value specifying exactly the distance between the two subevents. For example,

the distance between eventsA and B in the definition of eventZ might be required to be

exactly10 time units. In that case occurrencesA(0, 200) andB(200, 400) would not satisfy

the constraint andZ would not be recognised.

Plastic distances are too rigid and are expected to be inapplicable to practical event recog-

nition problems. Usually the exact relation between subevents will not be known and/or there

will be uncertainty in the measurement of the start and end points by the low-level event recog-

nition system. For that reason, elastic temporal distancesare introduced here; they require the

temporal distance between two subevents to fall within an integer range. Thus, if the tempo-

ral distance betweenA andB is required to be in the range[0..20] time units,A(0, 200) and

B(200, 400) will cause the recognition ofE(0, 400). Similar to theduration constraint, the

range limits for elastic distances can be undefined, taking the value ‘?’.
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The number of temporal relations permitted in an event definition plays an important role

in the efficiency of the event recognition scheme, as each constraint needs to be checked in

the evaluation of an event recognition predicate. For this reason, the following restriction is

imposed on the use of theprecedes relation:

∀eh, ej ∈ Eek
,precedes(ek, eh, ej , r1)→











(a) ∄el ∈ Eek
,precedes(ek, eh, el, r2) and

(b) ∄em ∈ Eek
,precedes(ek, em, ej , r2),

whereeh, ej , el, em are subevents in the definition ofek. In other words, a subevent can only be

preceded and can onlyprecede a single other subevent.8 As an example of the imposed

restriction, assume that eventY is defined as a sequence of three subeventsA,B,C. If the

relationprecedes(Y,A,B, rAB) is used, the allowable additional relations are:

precedes(Y,B,C, rBC ) or precedes(Y,C,A, rCA),

defining respectively the sequences(A,B,C) and(C,A,B). The other possible constraints:

precedes(Y,A,C, rAC ) and precedes(Y,C,B, rCB)

are not allowed, becauseA alreadyprecedes B. The effect of this restriction on the use of

temporal distance relations is that it imposes an ordering on the subevents in the definition. If

the maximum number of relations,n − 1 for n subevents, is defined, the sequence in which

the temporally related subevents have to be recognised is fully specified. This restriction will

henceforth be referred to as theprecedence sequence assumptionand the resulting sequence of

subevents as theprecedence sequenceof the event definition.

The network in Fig. 3.8 corresponds to an event definition with a single precedence se-

quence of supporting subevents. This is not required by the assumptions made so far. Thus, an

event definition could contain two or more, temporally independent, sequences of subevents.

In that case, it may be sensible to break the event definition into separate events, each con-

sisting of a single precedence sequence. The reason is that the sequences are not temporally

related and can be combined in an arbitrary way, leading to the recognition of a large number

of occurrences of the defined event. Thus, the situation of more than one subevent sequences

in an event definition is considered a rare degenerate case here, but it is not prohibited. The

8Note that these restrictions apply to the use of theprecedes predicate and they are independent of the
transitive property of the qualitativeprecedesrelation between the subevent intervals, which still holds.
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practical implication is that there can be more than onepotentially terminalsubevent in an

event definition. Each of them will trigger the evaluation ofthe event recognition predicate.

The use of rejecting subevents in an event definition presents a further problem for the rela-

tionalprecedes constraint. An event definition which contains rejecting subevents imposes

the requirement that these subevents do not occur, within the specified temporal constraints.

The use of duration constraints on the rejecting subevents is not a problem. However, it is

also necessary to determine their occurrence relative to other subevents in the definition. For

this reason, they cannot be excluded from the precedence sequence. They can also not be

preceded, because a legal sequence of subevents should not contain any occurrence of re-

jecting subevents. In other words, their event recognitionfunction is required to be false and

therefore it is not associated with an occurrence interval when the high-order event is recog-

nised. So, rejecting subevents cannot be used as reference to determine the relative occurrence

of other subevents. Under the precedence sequence assumption, only one rejecting subevent

can be used in an event definition and this has to be related to the first supporting subevent in the

precedence sequence. This seems unreasonable and a modification to the precedence sequence

assumption has been decided, which provides special treatment of the rejecting subevents.

According to the modified assumption, a supporting subeventcan be preceded by one other

supporting subevent and one or more rejecting ones. Rejecting subevents cannot be preceded

and have to precede a single supporting one. The modified assumption implies that each event

definition contains a sequence of supporting subevents, onto which rejecting ones may be at-

tached. Figure 3.8 illustrates this by aprecedence networkin which crossed arrows represent

precedence by rejecting subevents.

In repeating event definitions the exact number of subeventsis not known and they can

therefore not be treated individually. To do so would be unintuitive anyway, since the idea

underlying repeating events is that they correspond to a sequence of repeating subevent oc-

currences with similar properties. For this reason, repeating event definitions contain a single

duration andprecedes constraint, determining the duration of the subevent occurrences

and the temporal distance between them. For example, if event Z∗ is defined as[1..10] repeti-

tions ofZ, the following constraints need to be defined:

duration(Z∗, Z, dZ),precedes(Z∗, Z, Z, rZZ).

The constraints are still elastic, i.e.,dZ andrZZ are integer ranges.
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Figure 3.8: A precedence network under the modified precedence sequence assumption. Events
C andD act as supporting subevents, eventE as rejecting and eventsA,B as both supporting
and rejecting subevents in the definition.

An important effect of the use of elastic temporal distancesis the possibility of recognising

multiple occurrences of the same event which share some subevent occurrences. For example,

assume the definition of eventZ as a sequence ofA,B,C and the followingprecedes and

duration constraints:

precedes(Z,A,B, [−10..10]),precedes(Z,B,C, [−10..10]),

duration(Z,A, [8..12]),duration(Z,B, [8..12]),duration(Z,C, [8..12]).

Suppose also that the following sequence of event occurrences is recognised:

A(0, 8), A(4, 12), B(14, 24), B(18, 26), C(25, 35)

This sequence can lead to the recognition of two occurrencesof Z, each of which can be

recognised in two different ways:

A(0, 8), B(14, 24), C(25, 35) → Z(0, 35),

A(0, 8), B(18, 26), C(25, 35) → Z(0, 35),

A(4, 12), B(14, 24), C(25, 35) → Z(4, 35),

A(4, 12), B(18, 26), C(25, 35) → Z(4, 35).

As mentioned in section 3.3.4, the recognition of both occurrences ofZ is allowed. The fact

that each occurrence can be recognised in two different wayshas an important consequence on

the design of the refinement algorithm (see chapter 4).
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3.5 Temporal classification network

The work presented in the chapter so far has concentrated on the representation of the event

recognition model. First it was shown how a classification network can be used to define a

hierarchy of events and then two types of temporal constraint, duration andprecedes,

were incorporated in the event definitions. The notion of temporal distance has been introduced

as a restricted type ofprecedes relation and it was shown how this constraint results in event

definitions which contain precedence sequences of subevents. The resulting representation,

incorporating all these features, is named atemporal classification network(TCN). This section

examines the remaining aspects of the event recognition system, i.e., the database and the

inference mechanism.

The assumptions that have been made in the previous sectionsabout the representation of

the event recognition model facilitate the design of a simple dynamic database for incremental

event recognition. The input to the system is a stream of event occurrences, provided by the

low-level event recognition system, e.g.

A(0, 200), B(200, 400), C(300, 500),D(500, 600), . . .

Each occurrence is received by the temporal classifier at itsend time point, e.g.A(0, 200)

is received at200, B(200, 400) at 400, etc., and it is added to the database. If more than one

events are recognised at the same time, they are all added simultaneously to the database. When

the database is updated, the relevant higher-order event recognition predicates are evaluated

and any higher-order events that are recognised are added tothe database. Event recognition is

propagated through the TCN in that manner, until no more events can be recognised.

The database is indexed by the event signatures, allowing efficient retrieval of event occur-

rences. In fact, it can be structured as a list of stacks, eachone corresponding to an event. The

list is sorted using the partial support ordering of events in the classification network, which

is also used by the inference algorithm. In this way the search for the required stack of oc-

currences is minimised. Moreover, each stack is automatically ordered in reverse recognition

order, i.e., reverse order of end time points. The rationalefor this ordering is that the most

recent occurrences are more likely to be useful in event recognition than the older ones. Each

stack is termed alocal node history. Figure 3.9 illustrates this database structure for the simple

DAG of Fig. 3.3.
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Figure 3.9: A simple classification network and the corresponding database of occurrences.
The database is an indexed list of stacks, each of which contains a set of time stamps.

The size of the database is an additional design consideration. Local node histories can be

restricted in size in two ways: by introducing an explicit maximum size and by calculating the

earliest useful occurrence. The latter method is based on the observation that as time passes

some event occurrences will not be usable in the recognitionof further occurrences. In Fig.

3.9, for example, it may be the case thatA(0, 20) cannot be used in the recognition of further

occurrences ofY , after time point100. This decision is based on the temporal constraints in

the definition ofY .

Using an event recognition model represented by a TCN and a dynamic database structured

as described above, a simple inference algorithm can be designed to perform event recogni-

tion. The algorithm receives0-order event occurrences and checks if they appear as terminal

subevents in1-order event definitions. If they do, it tries to recognise the corresponding1-

order events, using the local node histories of the other subevents in the definition. In the

same way, event recognition is propagated through the TCN, using the partial event support or-

der. Each recognised event occurrence is used to update the corresponding local node history.

Algorithm 3.1 presents a narrative description of this process for conjunctive events, without

rejecting subevents. The same algorithm can be used for disjunctive events, while the exten-

sion for repeating events and conjunctive events with rejecting subevents is simple. A detailed

pseudocode description is provided in appendix A.
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Input: 0-order event occurrences.

Output: recognised output events.

Globals: event recognition model; listE of events of order> 0, ordered according to the
partial support order; the database.

TCN :

Update the0-order node histories.
Initialise the listF with the new0-order occurrences.
FOR EACH evente ∈ E DO:

FOR EACH occurrence of the terminal subeventt of e, t(x, y) ∈ F DO:
IF (y − x) satisfies theduration for t in the definition ofe THEN:

Be ← evaluate-definitiona(e, t(x, y)).
Add the new occurrences,Be, of e to F .
Update the node history fore.

aevaluate-definitionbuilds all legal subevent sequences for the evente. It starts from the terminal subevent
t(x, y) and moves backwards through the sequence of supporting subevents.

Algorithm 3.1: Sketch of the inference algorithm for conjunctive events without rejecting
subevents.

The worst-case complexity of the above algorithm is low polynomial in the three dimen-

sions involved. To illustrate this point assume the following scenario:9

• The algorithm receives a single0-order occurrence, e.g.B(47, 55) from Fig. 3.9.

• If this event does not appear as a terminal subevent, nothinghappens.

• Otherwise, the precedence sequence of the supported event,e.g. Y is evaluated.

The worst-case complexity of this operation, i.e., the complexity of the evaluate-

definition algorithm isO(nm2), wheren is the number of subevents in the sequence

andm the branching factor of the search tree for legal subevent sequences. The pa-

rameterm is a measure of the number of occurrences in a local node history that

satisfy the temporal constraints. The quadratic complexity on m is caused by the

evaluation of the distance constraints as theevaluate-definition algorithm moves

backwards through the sequence of subevents. At each step backwards, the distance

between the occurrences of the preceding subevent, e.g.A, and the preceded one, e.g.

B, needs to be calculated. In practice the branching factor ofthis search is expected to

be very small, i.e., a small number of occurrence sequences satisfy the constraints in

the definition. In the example case, there is just one sequence (A(23, 40), B(47, 55))

9The complexity results presented here are independent of the example. The example is used simply for
illustration.
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satisfying the constraints and leading to the recognition of Y (23, 55). The low com-

plexity of this operation is a result of the precedence sequence assumption. Moreover,

the use of the structured database should lead to further computational gains in the

average case.

• If the recognised event is not used as a terminal subevent in other event definitions

the process stops.

• Otherwise, the same process is repeated. In the example case, just once more, lead-

ing to the recognition ofZ(5, 55), with the sequence(C(5, 15), E(23, 55)). The

number of times this can happen is restricted by the partial support order and it is of

orderO(e), wheree is the number of events in the model. This worst case will only

be caused by a highly connected network, which is unlikely tobe used in an event

recognition system.

Thus, each time a low-level event, that is used as a terminal subevent in the TCN, is recognised

the number of operations that need to be performed in the worst case isO(nm2e). The compu-

tational efficiency of the inference algorithm is a result ofthe two representational assumptions,

i.e., the partial support order and the precedence sequenceassumption.

3.6 Related work

In chapter 2 some of the popular approaches to event recognition were presented and the rea-

sons why they cannot be applied to the task examined in this thesis were explained. In addition

to these approaches, there are a small number of event recognition systems which are closer to

the method proposed here and have been applied to similar types of problem. These systems

have only briefly been mentioned in chapter 2. This section examines them in more detail,

explaining their differences from the temporal classification network.

3.6.1 Temporal event recognition

Like the TCN, temporal event recognition systems use declarative models for recognition. Such

an event recognition model defines events by associating temporally a set of subevents. Tem-

poral association is achieved by a set of temporal constraints which need to be satisfied for

the event to be recognised. A distinction is made between low-level (orprimitive) events and



CHAPTER 3. A GRAPHICAL REPRESENTATION FOR EVENT RECOGNITION 84

high-level (orderived) events. The former are the ones appearing in the input stream to the

system.

As mentioned in section 3.3.3, primitive events are in essence instantaneous. This is the first

difference of the TCN from those systems. The basic assumption in temporal event recognition

systems is that the start and end points of durative events can be recognised individually, as

instantaneous events. This is considered important, because on-line and predictive recognition

is desired. In other words, as soon as the start of an event is recognised all of the events

which are supported by it are consideredpartially recognised. For instance, as soon as the

start ofA(0, 20) in Fig. 3.9 is recognised,Y (0, ?) is expected to be recognised.10 In order

for Y (0, 30) to be recognised, the end ofA(0, 20) and both the start and end ofB(25, 30)

need to be recognised. In addition, all of the temporal constraints need to be satisfied. If any

of these conditions are not satisfied, the partial occurrence Y (0, ?) is not completed. In this

example, ifB was not recognisedY (0, ?) would stay partially recognised for the remainder of

the recognition session. In order to avoid that, the conceptof ‘window of relevance’ [26] has

been introduced, which needs to be defined explicitly by the user of the system. At every time

point, all partially recognised events are checked and if their window of relevance is exceeded

they are removed.

There are some interesting problems with thisforward recognitionmethod:

• Multiple partially recognised occurrences of an event can exist at each point in time.

For instance, if noB event occurred between the recognition ofA(0, 20) andA(23, 40),

two partially recognised occurrences ofY , Y (0, ?) andY (23, ?), should exist in the

system.

• Even when a partially recognised event is fully recognised,the partially recognised

occurrence should be kept in case an alternative completionis found. For example,

after the recognition ofA(0, 20) andB(25, 30), Y (0, 30) is recognised fully. How-

ever, whenB(47, 55) is recognised the occurrenceY (0, 55) may also be a valid one.

Therefore,Y (0, ?) should not be removed after the recognition ofY (0, 30).

• A partially recognised event can cause the partial recognition of a higher-order event.

For instance, as soon asY (0, ?) is created,Z(0, ?) needs to be created too. Also

whenever, the partial occurrenceY (0, ?) is updated, due to the recognition of further

10The ‘?’ end point signifies the fact that the occurrence is only partially recognised.
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events, e.g. the detection of the end ofA(0, 20), Z(0, ?) should be updated, too.

These problems have a serious effect on the space and computational complexity of the forward

recognition algorithm. However, this cost may be acceptable if partially recognised events are

useful to the system, e.g. for the purpose of focus of attention.

In contrast to this approach,backward evaluationof event definitions has been chosen

for the TCN. This choice was motivated by the different type of event used in the system.

Namely, the assumption was made that an event cannot be recognised before it ends. For

this type of event it seems more appropriate to wait until theterminal subevent in an event

definition is recognised and then check whether the event canbe recognised. The process

taking place during the recognition of events that are not used as terminal subevents stores the

event occurrences in a way that allows efficient retrieval bythe backward evaluation algorithm.

Limited use of forward matching can be made by constructing partial subevent sequences for

an event and checking the temporal constraints. This can only be done locally though, i.e.,

for one event definition, as partially recognised subeventsare not of use in the recognition of

higher-order events.

Intuition suggests that forward recognition is more appropriate for on-line recognition sys-

tems than backward recognition. The problems described above make this claim less obvious.

The backward recognition approach is simpler, as it does notrequire the use of windows of

relevance and the continuous updating of partially recognised events. It is also more space

efficient, as no partial occurrences need to be stored. In terms of computational complexity,

backward recognition is unlikely, in average, to be more efficient than forward recognition.

However, there are cases where this is also possible. As a simple example, assume the defini-

tion of an eventZ in terms of the subeventsA, B, C, D. Assume also the following sequence

of recognised event occurrences:

A(0, 2), A(2, 3), B(3, 4), C(3, 6), B(5, 6), C(5, 8), C(8, 10).

Given that the window of relevance is large enough, a large number of partially recognised

events forZ will be constructed:

10 sequences of(A,B,C),

4 sequences of(A,B),

2 sequences of(A).

If D is now recognised, the forward recognition algorithm will have to examine at least the10
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(A,B,C) sequences to check whetherZ can be recognised. In the worst case, the backward

recognition algorithm would need to generate all 10(A,B,C) sequences, which would cost

15, instead of10 operations. However, if just oneC occurrence did not satisfy the distance

constraint betweenC andD, this number would be reduced. For instance, ifC(8, 10) was

too close to the recognisedD, only 9 operations would be needed for the backward matching

algorithm.

The above example illustrates a problem, which has been alsoobserved in [25], namely,

that the highest computational cost of the forward recognition algorithm is incurred by the

multiple copies of partially recognised events. This problem becomes more serious with the

use of a high-order classification network, where the numberof partially recognised events can

increase significantly. For this reason, a more thorough comparison of the two approaches is

required, in order to determine the conditions under which each one should be preferred.

Another difference of the TCN from the temporal event recognition systems is the range of

allowed temporal relations in the representation. These systems use more expressive temporal

logics than the TCN, which allow a variety of temporal relations between subevents in an

event definition. Usually, all temporal relations are interpreted into the three basic point-based

relations, i.e.,<, =, >, in order to make the temporally reasoning task tractable.

The TCN facilitates a more limited range of temporal relations, i.e., stronger assumptions

about the order of subevents in an event definition are made. The most restrictive assumption

is the precedence sequence, which, however, results in a substantial gain in the computational

complexity of the recognition algorithm. If this assumption is removed, the evaluation of event

definitions will become more complex and a constraint propagation algorithm will be needed

for that purpose. Examples of such algorithms appear in [26]and [46].

In addition to the above technical details, there is a difference of emphasis between the TCN

and other temporal event recognition systems. The emphasisin the latter is in the expressive-

ness of the event definitions and the efficiency of the local constraint propagation algorithms.

These are undoubtedly very important issues in an event recognition system. However, equally

important is the global structure of the system, which has been the focus point in the design

of the TCN. A graphical representation has been proposed forthat purpose, which imposes

a hierarchical ordering of events in the recognition model.Furthermore, the TCN has been

viewed as a computational network and different types of event recognition functions have
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been considered. This issue has not been examined in other temporal event recognition sys-

tems. This alternative view of event recognition is the maincontribution of the work presented

in this chapter. The TCN representation provides an efficient approach to event recognition

and a suitable framework for the development of the parameter refinement methods presented

in the following chapters.

3.6.2 An alternative view of temporal classification

The basic structure of a TCN event recognition model can be represented by acontext-free

grammar(CFG), in which0-order events are the terminal symbols and higher-order events

non-terminal.11 For example, the DAG of Fig. 3.3 can be represented as follows:

<Z> ::= C,<Y>

<Y> ::= A,B

In fact, the full expressive power of a CFG is not necessary, because the network can be flat-

tened into an equivalent set of sequences of0-order events. in the above example, there is

just one such sequence, i.e.,(C,A,B). More than one sequence is generated if disjunction is

used in the TCN and/or there is more than one output node. The resulting set of sequences

corresponds to all possible combinations of0-order events that can lead to the recognition of

output events. Such flat sequences can be represented byfinite-stateor regular grammars, or

their equivalentfinite-state automata(FSA). The FSA for the above simple example is shown

in Fig. 3.10.

s1 s3s2 s4
C A B

Figure 3.10: A finite state automaton for a simple CFG.

The focus of the grammatical representation is on the temporal succession of events, rather

than the temporal relations between them. For example, the idea of selective use of event oc-

currences, from a sequence, in the recognition of an event isnot a natural one for a grammar-

based inference system. For similar reasons, the treatmentof overlapping events is problematic.

However, both these problems can be solved by augmenting thegrammar with the appropriate

11A textbook introduction to grammars can be found in [42].
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temporal relations. A more difficult problem is the representation of rejecting events, as nega-

tion in grammatical inference is defined by failure of match,i.e., illegality of a sequence. If the

grammar was also augmented to include “negative symbols”, the end result would be equivalent

to the rules of the production system, by which the discussion in this chapter started.

The correspondence of a TCN to a grammar provides a differentinsight to the represen-

tation of repeating events in a TCN model. One could view these events as a restricted type

of loop in the DAG, where the repeating event supports itself. This alternative representation

would suggest a recursive inference mechanism for repeating events, rather than the iterative

one used in the proposed algorithm. The reason for not following this path is that it introduces

disturbing exceptions to the partial support order, which is useful for providing efficient classi-

fication. An additional problem is that counting is not a natural property of grammars and for

this reason the representation of the bounds on the number ofrepetitions presents a difficulty.

Grammatical representation has been used in syntactic pattern recognition systems, an ex-

ample of which is the speech recognition system, HARPY [53].HARPY is a system that

identifies legal sentences in continuous speech. It operates directly on the raw signal and for

this reason it incorporates several processing elements. The one which is of relevance to the

work presented here is theknowledge network, which performs the mapping of phoneme se-

quences to legal sentences. The knowledge network is constructed using four different types

of knowledge:

• Legal sentences are described using a finite-state grammar,which provides a hier-

archical decomposition of the sentences into words. The following is an example

appearing in [53]:

<SENT> ::= [ <SS> ]

<SS> ::= please help <M> | please show <M> <Q>

<Q> ::= everything | something

<M> ::= me | us

where ‘[’, ‘ ]’ denote the beginning and end of the utterance.

• Words are described in terms of phonemes in a pronunciation dictionary, which con-

tains alternative pronunciations of a word. The words in theabove example are de-

scribed as follows:

everything (-,0) (EH,EH2) V R IY2 TH IH3 NX

help (-,0) HH AA3 EL3 (← (-,0),-) P

me (-,0) M IY
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please (← (-,0),-) (P (L,LL2), PL (L,0)) IY (Z{4},(Z,0) S)

show (-,0) SH AA5 (OW,0)

something (-,0) S AA M TH IH3 NX

us (-,0) IH6 S (HH,0)

[ -

] -

where ‘-’ denotes silence,(x,0) means thatx may be missing and{n} is an ex-

ceptional duration constraint on a phoneme.

• A set of juncture rules determining the transition between words.

• A set of templates for phoneme recognition, which also provide typical duration

ranges.

All this knowledge is processed by a knowledge compiler to construct a DAG, the vertices of

which correspond to phonemes, including silence, and the edges to legal transitions. Duration

constraints are imposed on the phonemes.

The knowledge network is used to provide stepwise explanation of the received signal,

which is sampled at regular intervals. The duration of phonemes is calculated by allowing a

delay in each node, restricted by the duration constraints.The system outputs one event, i.e.,

one sentence, which is considered the best match to the utterance, according to some distance

metric. The match between the utterance and the model is updated incrementally, while moving

through the knowledge network.

As mentioned also in chapter 2, HARPY was the only system which satisfied the require-

ments of the ARPA speech understanding project. However, itsuffered form one important

problem: the size of its knowledge network. This is a result of the compilation of high-

level knowledge, i.e., sentence specification, to low-level phoneme transitions. In comparison,

the TCN provides a more compact representation, by preserving the hierarchical definition of

events. Other differences of the two systems are:

• HARPY does not deal with overlapping events and rejecting subevents, for the rea-

sons explained above about grammatical representations.

• It also cannot deal with repeating events, which is a furtherrestriction to the grammar.

• TCN outputs all matching sentences, or none if none satisfiesall constraints. HARPY

uses a heuristic distance metric instead, to decide on the best-matching sentence.
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3.7 Summary and critique

A particular type of event recognition has been examined anda suitable representation for

event recognition models has been presented. The temporal classification network allows the

representation of hierarchical event definitions and the incorporation of temporal constraints.

The proposed representation allows the definition of three types of event, i.e., conjunctive,

disjunctive and repeating, and the use of negative evidencein event definitions. It also permits

two types of temporal constraint, the unaryduration and the binaryprecedes, which

operate on intervals associated with event occurrences. Two important assumptions about the

structure of the model have been made, i.e., partial supportorder and precedence sequence,

allowing the design of a simple and efficient inference algorithm for event recognition.

The main restriction of the TCN is in terms of the expressive power of the representation.

The system could be extended to relax any of the following assumptions:

• Events do not need to be defined hierarchically. For example,recursive event defini-

tions could be permitted. Such an extension would introduceloops in the network,

which would complicate the inference mechanism. However, restricted use of loops

might be manageable.

• The use of non-boolean functions could be extended to allow probabilistic evidence

combination. This extension would allow event recognitionunder model or data

uncertainty.

• Further types of temporal relation between subevents couldbe permitted. This would

allow more flexible definition of events, which might be necessary for some applica-

tions. For example, the terminal subevent in an event definition may not be known

with certainty. In that case a less restrictive relation between the potential terminal

subevents, than theprecedes relation may be necessary.

• The strict precedence sequence assumption could be relaxedto allow a larger num-

ber ofprecedes relations. Again this extension is associated with higher compu-

tational cost.

• The temporal network could be integrated with a non-temporal one. An example of

this is the finite-state grammar used for the definition of sentences in the HARPY sys-

tem. In such a system the quantitative temporal relations between words may not be

known. In the TCN representation, such relations can be handled, using constraints
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with undefined range limits.

In addition to the extension of the representation scheme, the inference algorithm could be

modified to perform a selection of the most likely sequence ofrecognised events. The phi-

losophy of the proposed system is closer, on that issue, to that of temporal event recognition

systems, where all valid inferences are taken to be true. This seems a more appropriate ap-

proach for a system which does not deal with purely sequential input, but allows overlapping

events at different levels of the hierarchy.
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Refinement of Temporal Parameters
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Chapter 4

Incremental parameter refinement

Accurate setting of the temporal parameters of an event recognition
model can be a tedious and difficult task. This chapter examines the re-
finement of an initially inaccurate model using training data. The event
recognition model is assumed to be represented as a temporalclassifica-
tion network, containing numeric duration and distance parameters. The
training data is presented as two separate streams of low andhigh-level
occurrences. Refinement aims at the correct recognition of high-level
events in the sequence of low-level occurrences. The formatof the data
as two separate streams introduces the problem of establishing the corre-
spondence between the two streams and building a set of training exam-
ples. The concept ofevent support treesis presented as a solution to this
problem. Furthermore an incremental refinement method is proposed,
which guarantees the optimal solution, minimising a given cost function.

4.1 Refinement of a temporal classification network

This chapter presents a knowledge refinement approach to thetask of automatically setting the

temporal parameters of an event recognition model. The focus of the knowledge refinement

enterprise is on the modification of a symbolic model, with the use of a small training set.1 The

underlying assumption is that the model, in its initial state, achieves a low performance on the

modelled task, e.g. classification. The refinement algorithm is required to extract information

from training data, drawn from the modelled process, and useit to improve the model. A

reasonable assumption, in this context, is that the initialmodel is close to the desired one and

therefore only small changes need to be performed. This is a necessary assumption, imposed

by the restrictive size of the training data. Purely empirical learning methods, e.g. MLPs, rule

1One could extend this perspective to include subsymbolic systems, but that would be misleading in the context
of this thesis.
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induction, decision tree induction, etc., are not applicable to knowledge refinement, due to the

scarceness of empirical data and the complexity of the model. However, empirical learning

methods and knowledge refinement share many of the basic ideas of inductive inference, since

they both extract information from training data.

Section 2.2, in chapter 2, has presented briefly the most influential approaches to knowledge

refinement. The common feature of these methods which makes them inappropriate for the task

examined here, is the assumption of a clear mapping of input to output in the training data. The

training examples are assumed to consist of a set of input values, which describe an object,

and an output value, which provides the desired classification of the object. This assumption is

invalid for time-dependent data, such as an event sequence,where the refinement method needs

to establish the correspondence between the low-level event occurrences and the desired high-

level ones. Additionally, in the case where more than one sequence of low-level occurrences

can cause the recognition of a high-level one, a mechanism isneeded for choosing among

alternative low-level sequences. The methods presented inthis and the following two chapters

utilise the structure of the temporal classification network (TCN), to provide solutions to this

problem.

The refinement of a TCN model can take various forms, corresponding to tasks of different

complexity. Two naturally distinct refinement tasks are theadjustment of numerical param-

eters and the restructuring of the model. The former task involves the modification of the

temporal constraints in the TCN model, i.e., the distance and duration ranges, which determine

legal precedence sequences. Model restructuring in a TCN involves the deletion or insertion

of links and nodes in the network, i.e., the removal or addition of event definitions and support

dependences. This thesis concentrates on the refinement of numerical parameters, which usu-

ally involve a higher degree of uncertainty. It seems intuitive that a human expert, designing

the event recognition model, would be less certain about thecorrect setting of the temporal

constraints than the dependence between events.

Based on the properties of a TCN model, the task of parameter refinement can be further

subdivided into subtasks, as shown in Fig. 4.1. The first important aspect of the task is the

amount of available supervision. In this chapter and chapter 5 it is assumed that training feed-

back is provided forall of the events in the TCN. This type of supervision is termedfull, as

opposed topartial supervision, which assumes training information only for a subset of the
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TCN nodes and is examined in chapter 6. The two chapters whichdeal with refinement un-

der full supervision present two different approaches, each with its own merits and limitations.

The approach presented in this chapter is an incremental one, with low memory requirements,

achieving locally optimal refinement. The one presented in chapter 5, uses an extended mem-

ory scheme which accumulates information over time. This approach allows independence of

the refinement algorithm from the order of presentation of the data, but is space inefficient.

Moreover, refinement is performed with the help of a heuristic search method, which provides

tolerance to noise in the data, but does not guarantee optimality.

Parameter refinement

partial supervision
(chapter 6)

feedback allocation

full supervision
(incremental)

(chapter 4)

space-efficiency and
optimal refinement

fixed duration
tunable distance

(section 4.4)

tunable duration
and distance
(section 4.5)

conjunctive events

duration and distance

disjunctive events

duration only

negation

extended example format

full supervision
(batch)

(chapter 5)

order-independence and
noise-resistence

repeating events

special example format

Figure 4.1: Parameter refinement tasks in a TCN. The task examined in this chapter is sub-
divided into subtasks. Interesting features of each task are included in the boxes underneath
them. Crossed-out items are not examined.

Additionally, the following assumptions are made in this chapter:

• Only conjunctive event definitions are examined. The extension to disjunctive events

is trivial, but repeating events cause further problems as will be seen in chapter 5.

• Only one terminal subevent per definition is assumed. As mentioned in chapter 3,

the case of temporally independent precedence sequences isconsidered a degenerate

one.
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• No rejecting subevents are allowed in event definitions.

Further to these assumptions, all the examples in the discussion that follows do not make mul-

tiple use of subevents in a definition. This is not an assumption in any of the refinement algo-

rithms and aims only to simplify the explanation.

4.2 Properties of the search space

Learning and refinement methods perform a search in the spaceof alternative models. The

goal of the search is a model that accounts best for the training data. The search space for the

refinement of a TCN model is defined by its temporal parameters, which are the ones being

refined. This section examines some interesting propertiesof this space.

The refinement methods described in this chapter deal with simple conjunctive events,

without rejecting subevents. For example, an eventZ may be defined in terms of the subevents

(A,B,C,D) as follows:

IF A(iA) AND duration(Z,A, dA)

AND B(iB) AND duration(Z,B, dB) AND precedes(Z,A,B, sAB)

AND C(iC) AND duration(Z,C, dC) AND precedes(Z,B,C, sBC)

AND D(iD) AND duration(Z,D, dD) AND precedes(Z,C,D, sCD)

THEN Z(iZ), WHERE i−Z = min({i−A, i−B , i−C , i−D}) AND i+Z = i+D,

whereix = (i−x , i+x ) is the interval associated with the eventx andduration andprecedes

the elastic temporal constraint predicates, as defined in chapter 3. To avoid confusion, examples

in this chapter use the first letters of the alphabet to denotesubevents and the last letters to

denote the defined events. Figure 4.2 provides the precedence net for the above example.

A DCB

terminal

[sAB
-..sAB

+] [sBC
-..sBC

+] [sCD
-..sCD

+]

[dA
-..dA

+] [dB
-..dB

+] [dC
-..dC

+] [dD
-..dD

+]

Figure 4.2: A simple conjunctive precedence net. The duration constraints appear above of the
subevent nodes and distance ranges below the links between subevents.

The proposed parameter refinement method is an incremental one. The model is refined
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every time new information is received, i.e., every time a new event is recognised. More

specifically, whenever an occurrence of the terminal subevent, D in the above example, is

recognised, the refinement algorithm updates the temporal parameters of the corresponding

definition, aiming to achieve the following two goals:

a. Prevent the recognition of event occurrences which couldbe recognised and should

not have been (type 1 error). This is achieved bycontractingthe parameter ranges

so that they are no longer satisfied by the corresponding sequence of subevent occur-

rences. When this is achieved, the model is said toexcludethe negative example.

b. Ensure the recognition of occurrences which would not be recognised, while they

should have been (type 2 error). This is achieved byexpandingthe parameter ranges,

so that they are satisfied by the sequence. After this change,the modelcoversthe

positive example.

The training feedback provides information about the eventoccurrences that should be recog-

nised and this information is assumed to be complete.

In the example event definition there are14 parameters,6 distance and8 duration range

limits. More generally, a conjunctive event definition of this type withn subevents will have

4n − 2 parameters. Each parameter range separates the set of all possible parameter values

into three mutually exclusive subsets. This is illustrated, by the three adjacent regions on the

duration axis for subeventA in Fig. 4.3(a). The two outer regions correspond to duration

values that do not satisfy the constraint and should containthe majority of observed durations

which do not causeZ to be recognised (negative examples). Similarly the inner region should

include most of thepositive examplesof Z. If this duration range was the only constraint

in the definition, the expected distribution of positive andnegative examples might be as in

Fig. 4.3(b). This graph shows that in reality the three regions are not completely mutually

exclusive, due to noise in the data. In a problem of higher dimensionality, the inner region may

also include some negative examples, which do not satisfy one of the remaining constraints in

the definition. This is shown in the two-dimensional parameter space in Fig. 4.3(c). Positive

examples in two dimensions are the ones inside the rectangular region, i.e., these which satisfy

both constraints. Similarly, the complete parameter spacefor the definition of eventZ above

has7 dimensions, one for each parameter range. The positive areain this space is represented

by the hyper-rectangle, defined by the7 ranges.
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1 dA
- dA

+ dA

(a) One-dimensional parameter space.

1 dA
- dA

+ dA

f(d)

(b) Expected frequency distributions of examples in a
one-dimensional problem.

0 sAB
- sAB

+

dA

sAB

dA
+

dA
-

1

(c) Two-dimensional parameter space.

Figure 4.3: The parameter space for a conjunctive event definition.

Therefore, ifZ was only supported byA, the task of the refinement algorithm would be to

search for the values ofd−A andd+
A which would keep each of the three regions in Fig. 4.3(a)

aspureas possible, i.e., containing only the correct type of examples. In a longer definition se-

quence, the search becomes more complex, as a larger set of duration and distance constraints

have to be satisfied forZ to be recognised. The refinement algorithm needs to examine pos-

sible combinations of changes to the parameter settings which lead to the desired result. A

further assumption which is made in this chapter is that a purely positive region exists in then-

dimensional space, wheren the number of parameter ranges. This region includes all positive

and excludes all negative examples. This is an unrealistic assumption which will be relaxed in

chapter 5.
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One of the most important issues in the task of TCN parameter refinement is the con-

struction of the training set from the input and feedback data. Assume for example, that the

following sequence of subevents is received as input:

A(1, 3), A(2, 4), A(3, 5), B(2, 5), B(5, 7), C(7, 9), C(9, 10), D(11, 12)

and event occurrenceZ(2, 12) should be recognised as a result. There are6 possible ways

of achieving the recognition ofZ(2, 12), namely with the use of the following6 subevent

sequences:

A(2, 4), B(2, 5), C(7, 9),D(11, 12) → Z(2, 12),

A(3, 5), B(2, 5), C(7, 9),D(11, 12) → Z(2, 12),

A(2, 4), B(5, 7), C(7, 9),D(11, 12) → Z(2, 12),

A(2, 4), B(2, 5), C(9, 10),D(11, 12) → Z(2, 12),

A(3, 5), B(2, 5), C(9, 10),D(11, 12) → Z(2, 12),

A(2, 4), B(5, 7), C(9, 10),D(11, 12) → Z(2, 12).

The coverage of each of these sequences may require a different modification of the parameters

than the others. However, only one sequence needs to be covered. For this reason the6 se-

quences are namedalternative positive examples. All other possible combinations of subevent

occurrences are negative examples and there are6 such sequences:

A(1, 3), B(2, 5), C(7, 9),D(11, 12) 9 Z(2, 12),

A(3, 5), B(5, 7), C(7, 9),D(11, 12) 9 Z(2, 12),

A(1, 3), B(5, 7), C(7, 9),D(11, 12) 9 Z(2, 12),

A(1, 3), B(2, 5), C(9, 10),D(11, 12) 9 Z(2, 12),

A(3, 5), B(5, 7), C(9, 10),D(11, 12) 9 Z(2, 12),

A(1, 3), B(5, 7), C(9, 10),D(11, 12) 9 Z(2, 12).

Each of these sequences needs to be excluded by the model. Similarly, if no occurrence ofZ

was required, all12 sequences would be negative examples ofZ.

One common subevent occurrence in all of these sequences is the terminal one, i.e.,

D(11, 12), which triggers the example construction process. This observation has led to the
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concept of theevent support tree(EST), which is instrumental in the design of the refinement

algorithms in this and the following two chapters. An EST is considered to be one example,

either positive or negative, of an event and has the following properties:

• The root of the tree corresponds to the occurrence of the terminal subevent.

• Each node of the tree represents a subevent occurrence.

• Each horizontal level of the tree contains all occurrences of a subevent.

• The children of each node correspond to all occurrences of the preceding subevent.

• Each path from the root to the leaf of the tree is a complete sequence of subevents.

• All leaves of the tree are equidistant from the root.

Figure 4.4 shows the EST for the positive example ofZ(2, 12) above. The negative EST is

constructed similarly.

A

B

C

( 2,5 )

(11,12)

( 9,10)

( 5,7 )( 2,5 )( 5,7 )

( 7,9 )

( 2,4 ) ( 3,5 ) ( 2,4 )( 2,4 ) ( 3,5 ) ( 2,4 )

D

Figure 4.4: An example of an event support tree (EST).

The event support tree is a compact representation which captures the concept of alternative

example sequences. It achieves that by utilising the special status of terminal subevents in

TCN event definitions. Furthermore, the structure of the ESTis used by all of the refinement
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algorithms in the thesis, to guide the search for new parameters. A more compact variant of

the EST is theevent support network(ESN), which avoids duplication of subevent occurrences

by relaxing the assumption of a tree structure. Figure 4.5 shows the (ESN) for the EST of Fig.

4.4. The reason for choosing the EST, rather than the ESN representation is that it simplifies

the design of the refinement algorithms. However, the compactness of the ESN is an attractive

feature and is examined again in chapter 5.

A B C

( 2,5 )

(11,12)

( 9,10)( 5,7 )

( 7,9 )( 3,5 )

( 2,4 )

D

Figure 4.5: An example of an event support network (ESN).

4.3 Restricted-memory parameter refinement

In an incremental learning or refinement method the memory structure, in which information

from the training data is accumulated, plays an important role. The method presented in this

chapter uses a restricted memory structure for the refinement of the parameters in a TCN.

The usual approach to the representation of the training data in empirical learning is to view

instances as points in then-dimensional parameter space. This representation is alsoknown

as theinstance space. According to this approach, the six alternative positive sequences of the

above example would correspond to the following ones:

dA = 2, sAB = −2, dB = 3, sBC = 2, dC = 2, sCD = 2, dD = 1,

dA = 2, sAB = −3, dB = 3, sBC = 2, dC = 2, sCD = 2, dD = 1,

dA = 2, sAB = 1, dB = 2, sBC = 0, dC = 2, sCD = 2, dD = 1,

dA = 2, sAB = −2, dB = 3, sBC = 4, dC = 1, sCD = 1, dD = 1,

dA = 2, sAB = −3, dB = 3, sBC = 4, dC = 1, sCD = 1, dD = 1,

dA = 2, sAB = 1, dB = 2, sBC = 2, dC = 1, sCD = 1, dD = 1.
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Using this representation, the usual approach to symbolic learning, e.g. by ID3 [82], AQ15

[60], CN2 [16], etc., is to try to separate then-dimensional space into mutually exclusive

regions, each containing either negative or positive examples. In the examined refinement task,

this approach suffers from the following problems:

• It cannot deal with alternative positives, i.e., each positive point in the instance space

is treated individually. This would guide the refinement towards the coverage of all

alternative positive sequences, which is not required and might be unattainable.

• The structure of the model needs to be taken into account. The7-dimensional rep-

resentation of the above instance space corresponds to a14-parameter model, which

has a particular conjunctive structure. The common empirical learning methods make

specific assumptions about the structure of the model, e.g. decision tree by ID3, CNF

by CN2 and AQ15. It is thus difficult to preserve the structureof the precedence

sequence with these methods.

• The standard learning methods are purely empirical and needto be extended to in-

corporate a model-based bias.

The algorithm presented in the rest of this chapter performsknowledge refinement, rather

than purely empirical learning. It has a bias for minimum model change, which is implemented

by a cost function, measuring the degree of change imposed tothe model by each proposed

modification. At the same time it makes the simplifying assumption that there is no noise

in the training data, i.e., there are no contradictions between the training examples. On that

basis, the algorithm performs a search for the optimal parameter modification, according to the

model-based bias. Although unrealistic for most applications, the no-noise assumption seems

less unreasonable in the light of a small training set. It is relaxed in the algorithm presented in

the following chapter, which incorporates more of the standard empirical learning ideas.

The philosophy of the optimal refinement algorithm (ORA), presented here, is based on

theversion spaceapproach to learning, introduced by Tom Mitchell in the late’70s [64]. The

version space of a learning problem is a memory structure which holds the information ex-

tracted from a sequence of examples in the form of two sets of models: the most general

ones, which just exclude all negative examples and the most specific, which just cover all pos-

itive examples. Individual models in each set represent alternative solutions to the problem,

i.e., alternative models which cover all positive and exclude all negative examples. Mitchell
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[64] presents a simple learning algorithm, calledcandidate elimination, which uses the version

space to perform an exhaustive search for all legal models corresponding to a set of examples.

A model belonging to the most general set becomes illegal, when it becomes less general than

one of the models in the most specific set and vice versa. In practice this exhaustive approach

suffers from high storage demand. For this reason, ORA maintains a single pair of models,

one most general and one most specific. These are selected with the use of the model-based

cost heuristic each time a new example is considered. The effect of this simplification is that

the algorithm becomes dependent on the order of presentation of the data, since it uses a very

restricted memory structure. A compromise between the two approaches is thebeam search

method, used in [59], which maintains them best models, wherem is a user-specified param-

eter. ORA can easily be extended to exhibit a version-space or a beam-search behaviour.

Each of the two models in the memory of ORA consists of a sequence of temporal con-

straints. Thus, three pairs of ranges are maintained for each constraint:

a. Themost general generalisation (MGG), which is the most general model for the

range.

b. Theleast general generalisation (LGG), corresponding to the most specific model.

c. Thepreferred parameter setting (PPS), which is the range that would be used if

training stopped at that point. ThePPS is an extension of version spaces to take into

account the original model. Unless initially specified by the model, thePPS is the

same as theMGG, i.e., there is a bias for positive classification.

Using the symbols{>g,≥g,=g,≤g, <g} to denote the relative generality of one distance range

against another, the following hold for theMGG,PPS andLGG ranges of subeventsA,B in

the definition ofZ above:

MGGd(A) ≥g PPSd(A) ≥g LGGd(A),

MGGs(A,B) ≥g PPSs(A,B) ≥g LGGs(A,B),

where the index for each of the three ranges specifies whetherthe range is a duration,d, or a

distance,s, constraint. Figure 4.6 illustrates the relationship between the three ranges on the

durationdA axis. The corresponding models for the whole definition ofZ, are conjunctions of
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the individual parameter models:

MGG(Z) = MGGd(A) ∧MGGs(A,B) ∧MGGd(B) ∧MGGs(B,C)

∧MGGd(C) ∧MGGs(C,D) ∧MGGd(D),

LGG(Z) = LGGd(A) ∧ LGGs(A,B) ∧ LGGd(B) ∧ LGGs(B,C)

∧LGGd(C) ∧ LGGs(C,D) ∧ LGGd(D),

PPS(Z) = PPSd(A) ∧ PPSs(A,B) ∧ PPSd(B) ∧ PPSs(B,C)

∧PPSd(C) ∧ PPSs(C,D) ∧ PPSd(D).

1 dA

LGG
PPS
MGG

Figure 4.6: TheLGG, MGG andPPS ranges for the duration of subeventA.

ORA incrementally updates the three models for an event definition, as new examples

are received. This updating takes place every time a terminal subevent is recognised and the

corresponding ESTs are constructed as described above. ESTs for positive examples, referred

to aspositiveESTs, are used to expand theLGG(Z) model, if this does not cover at least one

of the positive sequences. This expansion process is known asgeneralisationand is performed

by the ORAgen algorithm. ORAgen calculates the minimum change toLGG(Z), which is

sufficient to cover the example. Similarly, negative examples may cause the contraction of

theMGG(Z) model, performed by thespecialisationalgorithm ORAspec. Note that due to

the relation of the three models, theLGG(Z) andMGG(Z) models may need to be updated,

although thePPS(Z) model, containing the actual parameter settings, classifies correctly the

positive and negative examples. ThePPS(Z) model will only need to be changed when the

generality ordering is violated. In that case it is expandedor contracted sufficiently to lie

between theMGG(Z) andLGG(Z) models. Thus, specialisation and generalisation affect

primarily the memory structure and not the actual model. Refinement is achieved as a side-

effect of this process.

Algorithm 4.1 gives an overview of the ORA parameter refinement algorithm. The gener-

alisation and specialisation algorithms are examined in detail in the following sections. Section
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4.4 deals with the case where the duration parameters are fixed and only the distance parame-

ters are refinable. This assumption reduces the size of the search space and the complexity of

the generalisation and specialisation algorithms. Section 4.5 then relaxes this assumption and

presents the final versions of the two algorithms.

Input: The definition of an evente; a new positive or negative examplex for e, in the EST
format; the three models:MGG(e), LGG(e), PPS(e).

Output: The new set of models fore: MGG(e), LGG(e), PPS(e).
ORA(e, x,MGG(e), LGG(e), PPS(e)) :

IF x is positive:
LGG(e)← ORAgen(LGG(e), x)
IF LGG(e) >g PPS(e): PPS(e)← expand-PPS(PPS(e), LGG(e))

ELSE:
MGG(e)← ORAspec(MGG(e), x)
IF MGG(e) <g PPS(e): PPS(e)← retract-PPS(PPS(e),MGG(e))

RETURN (MGG(e), LGG(e), PPS(e))

Algorithm 4.1: The ORA parameter refinement algorithm.

4.4 Refining the temporal distance parameters

4.4.1 Distance-only generalisation

Under the assumption that duration ranges are fixed, the definition of eventZ above contains

three pairs of refinable distance ranges. Each of these ranges is associated with anMGGs,

anLGGs and aPSSs range. The aim of the generalisation algorithm is to modify the three

LGGs ranges, in response to positive examples.

In order to simplify the problem further, assume thatZ is defined as a sequence of just two

subeventsA andB, as follows:

IF A(iA) AND B(iB) AND precedes(Z,A,B, sAB)

THEN Z(iZ), WHERE i−Z = min({i−A, i−B}) AND i+E = i+B ,

ignoring the fixed duration constraints which are assumed tobe satisfied always. In that sit-

uation, the only refinable range issAB. Assume also thatLGGs(A,B) = [−1..1] and the

following sequence of subevent occurrences are recognised:

A(4, 5), B(7, 9), A(10, 11), B(9, 11),
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in whichZ(4, 9) andZ(9, 11) should be recognised. The distance between the first two occur-

rences ofA andB is (7 − 5) = 2 and the distance between the second pair of occurrences is

(9−11) = −2. In this case, the refined range isLGGs(A,B) = [−2..2], i.e., theLGGs(A,B)

range has been extended by a unit each way. Figure 4.7 illustrates the effect of the two gen-

eralisation steps. With this schematic illustration in mind, the decrease of the lower bound of

theLGGs(A,B) range is namedleft generalisationand the increase of the upper boundright

generalisation.

0

sAB

-2
Initial:

-1 1

LGG

0

sAB

-2
A(4,5),B(7,9):

-1 2

LGG

0

sAB

-2
A(10,11),B(9,11):

2

LGG

MGG

Figure 4.7: One-dimensional incremental generalisation.+: positive range; -: negative range;
+/-: region of uncertainty. It is also assumed that the maximum duration ofB is 2, which
determines the minimum distance betweenA andB to be−2.

In the simple two-subevent definition, the refinement decision is clear. Extending, however,

the definition to the original four-subevent one, more than one alternative positive examples

may exist and a cost function is needed to decide on the best choice. The cost function that is

used in the ORAgen generalisation algorithm is calledgeneralisation costand is defined as the

degree of change imposed by a positive example to the original LGGs model. In the simple

case examined above, each of the two positive examples causes the minimum change of one

unit to theLGGs range. Given a distance valueshj, between two subevent occurrences and
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the rangeLGGs(eh, ej) = [s−..s+], the generalisation cost function is defined as:

cg(shj) =



























s− − shj, if s− > shj or

shj − s+, if shj > s+ or

0, otherwise.

For a longer sequence, involving a set of distance values, the cost function is defined as the

sum of the individual ones:

cg({s1, s2, . . . , sn}) =
n

∑

i=1

cg(si).

For example, assume the following most specific model for theeventZ:

LGGs(Z) = LGGs(A,B) ∧ LGGs(B,C) ∧ LGGs(C,D)

= [0..0] ∧ [0..0] ∧ [0..0].

Using the six alternative positive sequences in section 4.2as an example, the cost function is

calculated as follows:

cg({sAB , sBC , sCD}) = (0− (−2)) + (2− 0) + (2− 0) = 6,

cg({sAB , sBC , sCD}) = (0− (−3)) + (2− 0) + (2− 0) = 7,

cg({sAB , sBC , sCD}) = (1− 0) + 0 + (2− 0) = 3,

cg({sAB , sBC , sCD}) = (0− (−2)) + (4− 0) + (1− 0) = 7,

cg({sAB , sBC , sCD}) = (0− (−3)) + (4− 0) + (1− 0) = 8,

cg({sAB , sBC , sCD}) = (1− 0) + (2− 0) + (1− 0) = 4.

The best choice is the one that minimises the change to the model, i.e., the third sequence with

cg = 3.

The ORAgen algorithm performs a standardbranch-and-boundsearch, traversing theEST

in a top-downbest-firstmanner to efficiently arrive at the optimal solution, i.e., minimisecg. It

starts at the root of the tree and generates all of its children, calculating the generalisation cost

for each of the generated subsequences. Each subsequence constitutes apartial solutionto the

search task. A list of solutions is maintained, in ascendingorder of generalisation cost. The

least expensive solution, i.e., the head of the list, is removed from the list and expanded further

in the same way. The generated solutions are added to the list, maintaining the cost order. The

algorithm stops when the head of the solution list contains acomplete solution. Algorithm 4.2

provides an overview of the generalisation algorithm.
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Input: The LGGs of the event definition; the terminal subevent occurrence,e(i−, i+),
representing the positive example.

Output: The newLGGs or {} if it fails to cover the positive example.

ORAgen(LGGs, e(i
−, i+)) :

G← {e(i−, i+)} % initialise with the terminal
N1 ← generate-children(e(i− , i+))
WHILEN1 6= {}:

G← tail(G)
G← append-sorted(G,N1)
N1 ← generate-children(head(G))

ENDWHILE
IF G = {}: RETURN {}
P ← construct-patha(e(i−, i+),head(G))
LGGs ← update-model(LGGs, P )
RETURN LGGs

aTrace the path from the leaf back to the root.

Algorithm 4.2: The ORAgen for distance-only generalisation.

Figure 4.8 illustrates how the optimal solution in the aboveexample is found with the

ORAgen algorithm. The shaded nodes of the tree are the ones that are visited and the high-

lighted path is the one that is finally selected. The generalisation cost at each individual node2

is shown in the box above the node and the cost of each path through the tree is shown beneath

each of the leaves. The arrows illustrate the sequence of least-cost nodes, as selected by the

algorithm.

Finally, the following are a few interesting details of the algorithm:

• The EST does not need to be generated in full. Instead of traversing an already

generated EST, the ORAgen algorithm can generate the branches which are useful to

the search.

• Each partial solution is represented in the solution list bythe first, according to the

precedence sequence, subevent occurrence rather than the complete subsequence. If

chosen to be expanded, this occurrence is replaced by its children in the tree. Using

this representation of solutions, duplicate nodes are not permitted in the list and if

more than one partial solutions share the same starting occurrence, the cheapest one

is chosen. In this way the traversal of identical branches ofthe tree is avoided. The

2For simplification, the cost associated with a distance between a node and one of its children is assigned to the
child. This convention is used throughout the chapter.
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1

1

6 7 3 7 8 4

step 1

step 3

step 4

(11,12)

( 9,10)( 7,9 )
step 2

( 2,5 ) ( 5,7 )( 2,5 ) ( 5,7 )

( 2,4 ) ( 3,5 ) ( 2,4 )( 2,4 ) ( 3,5 ) ( 2,4 )

original models final models

LGGs(C,D)=[0..0]

LGGs(A,B)=[0..0]

LGGs(B,C)=[0..0]

[0..2]

[0..1]

[0..0]

Figure 4.8: Best-first traversal of the example EST. Shaded nodes are the visited ones. Costs
of change are shown in the boxes. The selected solution is highlighted.

drawback of this representation is that the path from the selected leaf to the root needs

to be reconstructed.

• A subsequence is removed from the list if it cannot lead to a complete sequence, i.e.,

a node of the tree is pruned when it does not have any children or all its children are

pruned.

• Out of the children of a node in the tree, those that satisfy the PPS range are tra-

versed first and the rest are examined only if all others are pruned. This is an addi-

tional bias for the original parameter settings, which is not presented in Alg. 4.2.

• Out of two solutions with the same minimum cost, the longest one is selected, be-

cause it is closer to a complete solution.
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4.4.2 Distance-only specialisation

The specialisation algorithm aims to contract appropriately the MGGs ranges, in order to

exclude negative examples. A negative example is represented by a negative EST, which cor-

responds to a set of sequences of subevent occurrences. Eachsuch sequence could lead to

the recognition of an event occurrence that is not desired. Examples of these are presented in

section 4.2, where six sequences of the subevents(A,B,C,D) are presented, which lead to

the erroneous recognition ofZ occurrences. The problem of optimal specialisation is harder

than that of generalisation. This section explains why thisis the case and presents an efficient

solution to the problem.

The task of specialisation differs in many ways from that of generalisation:

• In specialisation, each of the negative sequences, i.e., each branch of the EST from

root to leaf, needs to be excluded. There are no alternative negative examples and

therefore no search of the nature performed in ORAgen is needed.

• However, the modification of a single parameter range can exclude one whole branch,

because all of the constraints need to be satisfied for the event to be recognised. In

other words, a branch can be pruned at any point along its length. Therefore the

search required here does not aim to select the most appropriate sequence, but the

most appropriate pruning point for each sequence. An optimal solution is sought

again and the optimality criterion is of similar flavour to the generalisation cost.

• A further complication comes from the fact that by deciding on a pruning point for

one branch in the EST, other branches are affected. The simplest example is the

case of branches which have common components, e.g. by pruning the root of the

EST all branches are pruned. More complex dependencies between tree branches are

examined later in this section.

• Finally, negative ESTs can be significantly larger than positive ones, because the start

point of each negative sequence cannot be determined. Therefore, ways of restricting

the size of the tree and generating as small a part of it as possible are needed.

In order to simplify the exposition, the assumption is made again that eventZ is defined

in terms of just two subevents,(A,B). Assume also thatMGGs(A,B) = [−3..10], i.e.,

distances outside this range are definitely negative, andLGGs(A,B) = [0..1], i.e., distances

inside this range are definitely positive. The following sequence of subevent occurrences is
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recognised, which should not lead to the recognition of anyZ occurrences:

A(2, 3), A(4, 5), A(6, 9), B(7, 10).

The distance of each of the threeA occurrences fromB(7, 10) is: (7−3) = 4, (7−5) = 2 and

(7−9) = −2, respectively. None of these distance values satisfies theLGGs(A,B) constraint,

but all of them satisfyMGGs(A,B). Therefore,MGGs(A,B) needs to be contracted to

exclude them. The resulting range is[−1..1], which excludes the values−2, 2 and4. Figure

4.9 illustrates the specialisation process considering each of the three negative sequences in

turn.

0 sAB-3
Initial:

1

LGG

A(2,3),B(7,10):

10

MGG

0 sAB-3 1

LGG

3

MGG

A(4,5),B(7,10):
0 sAB-3 1

MGG

LGG

A(6,9),B(7,10):
0 sAB-3 1

MGG

LGG

-1-2

2

4

Figure 4.9: One-dimensional incremental specialisation.+: positive range; -: negative range;
+/-: region of uncertainty.

The first observation to be made in the above example is that the side on which the con-

traction takes place depends on theLGGs model, rather than theMGGs one. Left speciali-

sation takes place, when the distance value is lower than the lower bound of theLGGs, e.g.

sAB = −2 < 0 above, andright specialisationwhen the distance value is higher than the high

LGGs bound, e.g.sAB = 4 > 1 above. The remaining possibility, which is not illustratedin

the above example, is that the distance value satisfies theLGGs range and can therefore not be
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excluded. In that case, the distance value is callednon-excludable. Non-excludable parameter

values limit the pruning choices along a branch of the EST. Thus, a set of values, corresponding

to the same distance constraint, can be divided into three subsets:

• The left specialisation set, which contains values lower than the lowLGGs bound

and requires an increase of the lowMGGs bound, in order to be excluded. The

notationL is used in the rest of this section for this set.

• Theright specialisation set, which contains values higher than the highLGGs bound

and requires a decrease of the highMGGs bound, in order to be excluded. This set

is denoted byR.

• Thenon-excludable setof values, which satisfy theLGGs range and cannot be ex-

cluded. This set is denoted byQ.

Another interesting feature of the problem is that the exclusion of one distance value may

cause the automatic exclusion of the other. In the above example, if the distance valuesAB = 2

is examined first, it causes a decrease of the upperMGGs(A,B) bound to1. The distance

valuesAB = 4 will then have no further effect on theMGGs(A,B) range, since it will be

already excluded by it. More generally, it is true that in each of theL andR sets of distance

values, there is one which causes the largest contraction ofthe MGGs and the automatic

exclusion of all others. This value is the one closest to theLGGs range. The idea of automatic

exclusion plays a central role in the design of the ORAspec specialisation algorithm, because

it imposes an ordering on the values of theL andR sets. This ordering is termedexclusionand

is denoted by>e. Given two distance valuessh, sj from one of theL andR sets,sh >e sj if

the exclusion ofsh causes the automatic exclusion ofsj. The exclusion order determines the

effect of a pruning decision by the ORAspec algorithm.

The concept of exclusion can be illustrated better with the use of a longer event definition,

such as the original one used forZ, i.e., in terms of the subevents(A,B,C,D). For the sake

of simplicity, assume that the most specific model is:

LGGs(A,B) = LGGs(B,C) = LGGs(C,D) = [0..0]

and the most general one is:

MGGs(A,B) = MGGs(B,C) = MGGs(C,D) = [−10..10].
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Assume also the following sequence of subevent occurrences:

A(1, 2), A(3, 5), B(4, 6), B(5, 7), C(7, 8), C(12, 14),D(12, 15),

which should not cause the recognition of anyZ occurrence. The negativeESTfor this example

is shown in Fig. 4.10. There are three types of edges in the tree, corresponding to the three

different sets, in which distance values are split. For example, the two children of the root

node correspond each to a different set, because the corresponding sCD values lie on either

side of theLGGs(C,D) range.C(12, 14) overlapsD(12, 15), with a distance value ofsCD =

12− 14 = −2, while the distance ofC(7, 8) from D(12, 15) is sCD = 12− 8 = 4. Similarly,

the distance betweenB(5, 7) andC(7, 8), sBC = 7 − 7 = 0, cannot be excluded, because it

falls in theLGGs(B,C) range.

D

A

B

C

(left specialisation set,L)

(right specialisation set,R)

(non-excludable set,Q)

(12,15)

( 7,8 ) (12,14)

( 4,6 ) ( 4,6 ) ( 5,7 )

( 3,5 )( 1,2 )( 3,5 )( 1,2 )( 3,5 )( 1,2 )( 3,5 )( 1,2 )

( 5,7 )

LGGs(C,D)=[0..0]

LGGs(A,B)=[0..0]

LGGs(B,C)=[0..0]

Figure 4.10: A negative EST including information about thethree specialisation sets.

One of the eight sequences of the EST in Fig. 4.10 can only be pruned at the level of the

sCD parameter. This is the sequence:

A(3, 5), B(5, 7), C(7, 8), D(12, 15).
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Thus, the upper bound of theMGGs(C,D) range needs to be reduced to exclude the distance

valuesCD = 12− 8 = 4. This modification causes the automatic exclusion of four sequences,

i.e., the ones on the left branch below the root. The pruning of the right branch is more complex.

All sequences can be pruned in more than one way and automaticexclusion has to be taken

into account. For example, the two occurrences ofB, B(4, 6) andB(5, 7), belong to the same

specialisation set,R, since their distance values,sBC = 12−6 = 6 andsBC = 12−7 = 5, both

require the reduction of the upperMGGs(B,C) bound. Note that according to the exclusion

ordering ofR, sBC = 5 >e sBC = 6, i.e., the smaller distance value, requires a larger

change of theMGGs(B,C) bound and causes the automatic exclusion of the other. Automatic

exclusion is not restricted to sibling nodes. It applies to all distance values at the same level

of the EST, since they are all affected by a change to the sameMGGs range. For example,

the distance values betweenA(1, 2), B(4, 6) andA(1, 2), B(5, 7) aresAB = 4 − 2 = 2 and

sAB = 5 − 2 = 3 respectively. They are both in theR specialisation set and any choice about

one might affect the other, although they do not correspond to sibling nodes. Thus, ifsAB = 2

is excluded,sAB = 3 will also be excluded automatically.

The goal of specialisation is to prune each EST branch, i.e.,all the leaves of the tree. There

are two types of pruning involved:explicit andimplicit. A leaf node is pruned explicitly, when

a specialisation decision is made aiming to exclude one of the distance values on the branch

from the root to this leaf. An example of this was seen above, where the decision was made

to reduce the upper bound ofMGGs(C,D) to excludesCD = 4. This distance value is on

the branch of four leaves, which are pruned explicitly. Implicit pruning takes place, with the

use of the exclusion order at each level of the tree. When a decision is made to exclude one

distance value, a number of other values at the same level will be excluded, as was seen above

for the sBC = 5 andsBC = 6 distances. The leaves corresponding to the branches of the

automatically excluded distances are said to be pruned implicitly. Thus, if MGGs(B,C) is

modified to excludesBC = 5, sBC = 6 is also excluded and the two leaf nodes below it are

pruned implicitly.

Because there is clearly more than one solution to the decision of pruning a negative EST, a

search needs to be performed to select the best solution. Theoptimality criterion for this search

is a specialisation costfunction, which is similar to the generalisation cost function, in the

sense that it provides a bias for minimum model change. Givena distance valueshj, between
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two subevent occurrences and the rangesLGGs(eh, ej) = [s−l ..s+
l ] and MGGs(eh, ej) =

[s−m..s+
m], the generalisation cost function associated with the explicit pruning of this value is

defined as:

cs(shj) =











s+
m − (shj − 1), if shj > s+

l or

(shj + 1)− s−m, if s−l > shj.

The cs function is not defined inside theLGGs range, because the distance value is non-

excludable, and does not need to be considered outside theMGGs, where no specialisation is

needed. For a set of pruning choices the cost function is defined as the sum of the individual

ones:

cs({s1, s2, . . . , sn}) =
n

∑

i=1

cs(si).

As an example, the EST of Fig. 4.10 can be pruned by explicit pruning ofsCD = 12− 8 = 4,

which prunes the left half of the tree andsBC = 12− 7 = 5, which prunes the right part. The

cost of this solution would be:

cs({sCD = 4, sBC = 5}) = cs(sCD = 4) + cs(sBC = 5) =

(10− (4− 1)) + (10 − (5− 1)) = 13,

where10 is the upper bound ofMGGs(C,D) andMGGs(B,C).

In order to illustrate the complexity of finding the optimal specialisation solution, consider

the EST of Fig. 4.11(a). The time stamps in the nodes have beenreplaced by arbitrary letters to

simplify the explanation. For the same reason, the assumption is made that all distance values

belong to the same specialisation set, i.e., they lie on the same side of theLGGs ranges. Thus,

all distance values at the same level of the EST are related according to the exclusion ordering.

The specialisation cost for explicitly excluding each value is attached to the corresponding

node. If a decision is made to prune explicitly the node with the highest cost, all other nodes at

the same level of the tree are pruned implicitly. In other words, the first three obvious solutions

to the problem consist of pruning the most expensive node in each of the three levels. The costs

associated with these three solutions are:10, 5 and4. The third of these choices, i.e., explicitly

pruning the nodel is also the optimal solution in this case. If the branch of thel node, (a,c,f,l),

is considered in isolation, this is a suboptimal choice, since it is less expensive to prune the

branch atf. If this choice was made,k,l would be pruned explicitly andi,j implicitly. However,
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the nodesg,h would remain unpruned and additional cost would be incurredin order to prune

them.
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(a) Pruning at a single level.
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(b) Pruning at multiple levels.

Figure 4.11: Two complex specialisation examples. All nodes belong to the same specialisation
set. Their costs are shown above them. Shaded nodes are considered as pruning choices in the
text. The highlighted nodes provide the optimal solution.

Minimisation of the maximum cost at each level of the EST is not always the best solution,

though. In Fig. 4.11(b), some of the pruning costs have been changed and pruning nodel

is no longer the optimal choice. Instead, it is preferable toprune the branch ofl at f, which

causes explicit pruning ofk,l and implicit pruning ofi,j . The cost of pruning the remaining two

sequences,g,h, is only 2, i.e., the cost of explicitly pruningh, which also causes the implicit

pruning ofg. The overall cost of this solution iscs({f,h}) = 2 + 2 = 4, which is less than that

of pruningl.

The number of alternative solutions for pruning an EST increases exponentially with its

size. In fact, for a tree of heighth, i.e., an event-definition containingh subevents and a

branching factor ofb, i.e., each node havingb children, the number of solutions is given by the
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(h− 1)th term of the following sequence (see appendix B):3

S1 = 1

S2 = b + 1

Sn =
1− S

(b+1)
n−1

1− Sn−1
.

In order to gain an idea of the combinatorial explosion to which this result corresponds, Tab.

4.1 gives some indicative sizes of the search space for different values ofh andb. Even for

relatively small trees the search space can be enormous. Forthis reason, it is desirable to devise

an algorithm which finds the optimal choice, without enumerating all possible solutions.

height(h)
Branching factor (b)

2 3 4

2 1 1 1

3 3 4 5

4 13 85 781

5 183 ∼ 621.5 × 103 ∼ 372.5 × 109

Table 4.1: Indicative search space sizes for the specialisation of distances.

The ORAspec algorithm, differs from the branch-and-bound ORAgen algorithm in that the

first complete solution is already known at the root of the tree, i.e., to prune explicitly the most

expensive child of the root, nodec in Fig. 4.11(a). The algorithm starts from that point and

tries to construct alternative solutions, following the most expensive path to the leaf nodes.

This may seem unintuitive, but it is explained by the fact that the most extensive modification

of the model guarantees the pruning ofall of the less expensive nodes at the same level. An

extreme example is shown in Fig. 4.11(a), where the optimal solution is the one with the highest

cost at that level. Thus, in the EST of Fig. 4.11(a) ORAspec traverses the path (a,c,f,l) first.

Each time the algorithm moves from one level of the tree to thelower one, an alternative way

of pruning the siblings at the previous level must be found. In the above example, this leads to

the following three solutions:

3This is a worst-case estimate.
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Solution Pruning choices low-cost high-cost

1 c,[b] 10 10

2 f,(b),[e] 3 3 + 9 = 12

3 l,(e,b),[k] 4 4 + 2 + 9 = 15

Nodes in round brackets are non-leaves, which have not been expanded, i.e., their children

have not been examined. Nodes in square brackets are the oneswhich have been examined,

but found to be pruned implicitly by other nodes in the solutions. Note that the effect of

implicit pruning on nodes which have not been examined is notknown. For instance, it is

not known that by pruningl all leaf nodes belowb ande are also pruned and thatb,e do not

need to be pruned explicitly. As a result, the actual cost of the generated solutions is not known.

However, a lower and an upper bound to the cost can be calculated. The lower bound makes the

optimistic assumption that the selected choice prunes the whole tree. The upper bound makes

the assumption that it only prunes its siblings and that the alternative nodes in each visited level

– the nodes in round brackets above – need to be pruned explicitly. Once the leaf node has been

reached, the solution with the lowestlow-cost bound is examined. If itshigh-cost equals its

low-cost, then this is the optimal solution. Otherwise, ORAspec attempts to decrease the upper

bound by finding alternative ways to achieve the effect of themost expensive pruning choice.

In the example, solution 2 has the lowestlow-costand its most expensive pruning choice isb.

Thus,b is selected to be examined further, in the same way as above, i.e., following the most

expensive path to the leaves. The updated list of solutions is:

Solution Pruning choices low-cost high-cost

1 c,[b] 10 10

2 f,b,[e] 3 + 9 = 12 3 + 9 = 12

3 l,b,(e),[k] 4 + 9 = 13 4 + 2 + 9 = 15

4 d,[e,f] 5 5

5 f,h,[e,g] 3 + 3 = 6 3 + 3 = 6

6 l,d,[e,k,f] 4 + 5 = 9 4 + 5 = 9

7 l,(e),[g,h,k] 4 4 + 2 = 6

Note that as the nodes belowb are visited, all solutions which includeb are updated. These

are solutions 2 and 3. The same process needs to be repeated again, because solution 7, which

has the lowestlow-cost, does not have an equally lowhigh-cost. Thus,eneeds to be explored,
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leading to the final list of solutions:

Solution Pruning choices low-cost high-cost

1 c,[b] 10 10

2 f,b,[e] 3 + 9 = 12 3 + 9 = 12

3 l,b,e,[k] 4 + 2 + 9 = 15 4 + 2 + 9 = 15

4 d,[e,f] 5 5

5 f,h,[e,g] 3 + 3 = 6 3 + 3 = 6

6 l,d,[e,k,f] 4 + 5 = 9 4 + 5 = 9

7 l,e,[g,h,k] 4 + 2 = 6 4 + 2 = 6

8 l,b,[i,j,k] 4 + 9 = 13 4 + 9 = 13

9 l,[g,h,i,j,k] 4 4

Solution 9 is clearly the optimal one.

Due to the complexity of the examined example, the algorithmneeds to traverse the whole

EST, before the optimal solution is decided. A more realistic, but still complex, example is the

one of Fig. 4.10. The traversal of this tree is shown in Fig. 4.12. The algorithm first follows

the rightmost path to leafA(3, 5) and then moves toC(7, 8) and examines the most expensive

branch below it. This is the branch containing the two non-excludable distances. The optimal

choice is the one explicitly pruningB(5, 7) andC(7, 8), i.e., distancessBC = 12− 7 = 5 and

sCD = 12 − 8 = 4. Each of these causes a reduction of the upper limit of the corresponding

MGGs range, leading to the updated ranges shown on the right of theEST.

The use of the three separate specialisation sets,L,R,Q, adds a further complication to the

specialisation algorithm. Each time a node is replaced by its children, three separate sets are

generated. The nodes in theQ set are examined first, because they need to be pruned further

down the tree. If they cannot be pruned, the other two sets of sibling nodes do not need to

be considered. Nodes inL andR need to be pruned separately and therefore two separate

node lists need to be maintained for each solution. Algorithm 4.3 provides an overview of the

ORAspec algorithm. A proof of the optimality of the algorithm is presented in appendix C.

4.5 Extending to refinement of duration constraints

In the discussion so far it has been assumed that duration constraints are fixed. If this assump-

tion is relaxed, the dimensionality of the refinement task increases. In addition to modifying
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Figure 4.12: Trace of the specialisation algorithm. The arrows show the traversal of the algo-
rithm. The two highlighted nodes are the ones selected for pruning.

the most general and most specific models for the distance parameters, i.e.,LGGs andMGGs,

the models for the duration parameters,LGGd andMGGd need to be modified when a new

positive or negative example is received. This extension ofthe problem has little impact on the

ORAgen generalisation algorithm, examined in section 4.5.1, but it makes the specialisation

search significantly more complex, as seen in section 4.5.2.

4.5.1 Extended generalisation algorithm

Given an EST representing a set of alternative positive examples, the objective of the gener-

alisation search is to select the sequence which causes the least change to the original model.

In section 4.4.1, it was shown how a simple branch-and-boundsearch, using the generalisation

cost heuristic, can find the optimal solution to this problem. The only extension that is needed,

in order to take the duration constraints into account, is inthe definition of the cost function.
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Input: TheMGGs of the event definition; the terminal subevent occurrence,e(i−, i+).

Output: The newMGGs or {} if it fails to exclude the negative example.

Globals: TheLGGs model.
ORAspec(MGGs, e(i

−, i+)) :

G← {} % initialise solution list
n← e(i−, i+) % current node examined
WHILE n 6= {}: % while optimal solution not found

(L,Q,R)← generate-children(n,LGGs)
G← update-solutionsa(L,Q,R,G) % update the solution list
IF L = Q = R = {}: % leaf node

s←min-cost(G) % least-cost solution so far
IF (low-cost(s) = high-cost(s)): n← {} % optimal solution
ELSE: n← max-costb(s) % most expensive pruning choice

% in the solution
ELSE: % non-leaf node

s← build-solution(L,R)
n←max-cost(s) % most expensive path to leaves

ENDIF
ENDWHILE
IF G = {}:MGGs ← {}
ELSE: MGGs ← update-model(s,MGGs) % incorporate solution toMGGs

RETURNMGGs

aThe updating of the solution list involves the replacement of each solution, which contains the expanded
node, by a pair of solutions: one in which this node is pruned explicitly and one in which it is replaced by its
children.

bIf there are non-excludable nodes they have the highest cost.

Algorithm 4.3: An overview of the ORAspec algorithm for distance-only specialisation.

Each branch of the EST, corresponds to a sequence of subeventoccurrences, some of which

may not satisfy theLGGd model. The generalisation cost for changes to theLGGd is defined

in the same way as for changes toLGGs. If LGGd = [d−..d+] and dh the duration of a

subevent occurrence,

cg(dh) =



























d− − dh, if d− > dh or

dh − d+, if dh > d+ or

0, otherwise.

The overall generalisation cost for a sequence is extended to include the cost of generalising

theLGGd ranges:

cg({s1, s2, . . . , sn}, {d1, d2, . . . , dm}) =

n
∑

i=1

cg(si) +

m
∑

j=1

cg(dj).
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The assumption that is made here is that the marginal change in the duration ranges is of

the same scale as the change in the distance ranges. Using this cost function, the ORAgen

algorithm, in Alg. 4.2 can be used for the generalisation of both distance and duration ranges.

For example, assume again that eventZ is defined as the sequence(A,B,C,D) and the

most specific model for the temporal parameters of the definition is as follows:

LGGs(Z) = LGGs(A,B) ∧ LGGs(B,C) ∧ LGGs(C,D)

= [0..0] ∧ [0..0] ∧ [0..0]

LGGd(Z) = LGGd(A) ∧ LGGd(B) ∧ LGGd(C) ∧ LGGd(D)

= [1..1] ∧ [1..1] ∧ [1..1] ∧ [1..1].

Assume also the following sequence of subevent occurrences:

A(2, 3), A(3, 5), B(4, 5), B(5, 6), C(6, 9), C(8, 10), D(10, 12),

which should cause the recognition ofZ(?, 12).4 The EST for this example and its traversal

by the generalisation algorithm is shown in Fig. 4.13. The generalisation cost associated with

each node consists now of two components: the cost of generalising its distance and the cost of

generalising its duration constraint. Shaded nodes are theones generated and the highlighted

ones correspond to the sequences selected by ORAgen. In thiscase there are two sequences

with identical cost and an arbitrary choice between them needs to be made. Note that the

generalisation cost of the root is unavoidable and does not affect the search.

4.5.2 Extended specialisation algorithm

Adding the duration parameters in the specialisation search increases significantly the dimen-

sionality of the search space. The reason for this is that there are now several more pruning

options along each branch of the EST, since each node can be pruned either by duration or by

distance. As a simple example, assume the two-subevent definition of Z in terms of(A,B)

and the following sequence of subevent occurrences, which should not lead to the recognition

of Z: A(2, 3), B(8, 12). Assume also that the most general and most specific models forZ are

as follows:

MGGd(A) = MGGd(B) = [1..10], MGGs(A,B) = [−10..10]

LGGd(A) = LGGd(B) = [5..5], LGGs(A,B) = [−1..1]

4The symbol ‘?’ denotes that the begin point of the event is not defined in thetraining feedback.
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Figure 4.13: Trace of ORAgen refining both duration and distance.

The distance and duration values for the subevent sequence is:

dA = 3− 2 = 1, sAB = 8− 3 = 5, dB = 12− 8 = 4,

all of which satisfy theMGG but not theLGG models. In order to exclude this negative

sequence, any of theMGG ranges may be modified. The most reasonable choice, i.e., the

one causing the minimum change to theMGG models, is to increase the lower bound of

MGGd(A) from 1 to 2, so that it is no longer satisfied bydA = 1.

However, when the EST contains more than a single branch, theoptimal pruning choice

for all branches becomes more complex. In the above example,if the following sequence of

subevent occurrences is recognised instead:

A(2, 3), A(6, 10), B(8, 12),

there will be two negative sequences, which need to be excluded:

A(2, 3), B(8, 12) and A(6, 10), B(8, 12).
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with the corresponding parameter values:

dA = 3− 2 = 1, sAB = 8− 3 = 5, dB = 12− 8 = 4,

dA = 10− 6 = 4, sAB = 8− 10 = −2, dB = 12− 8 = 4.

The best pruning choice is less clear in this case. The options are to:

1. increase the low bound ofMGGd(B) to 5 to excludedB = 4,

2. increase the low bound ofMGGd(A) to 5 to exclude bothdA = 1 anddA = 4.

3. increase the low bound ofMGGs(A,B) to −1 to excludesAB = −2 and decrease

the upper bound ofMGGs(A,B) to 4 to excludesAB = 5.

4. increase the low bound ofMGGd(A) to 2 to excludedA = 1 and the low bound of

MGGs(A,B) to−1 to excludesAB = −2.

In this case, the first two options cause the minimum overall change to the models. The addi-

tional complexity of the problem stems from the numerous pruning combinations for the nodes

in a single level of the tree, occurrences of subeventA in this example. In the distance-only

specialisation, examined in section 4.4, the most expensive pruning choice was necessary and

sufficient for that purpose. The fourth option above illustrates that this is no longer the case.

Increasing the low bound ofMGGd(A) to2 is not the most expensive specialisation option and

only prunes one of the two occurrences ofA. The other is pruned by the change toMGGs(A).

The search for the optimal pruning solution within a single level of EST nodes is the only

extension of the ORAspec algorithm, needed for the handlingof duration. This is a complex

problem and it is the main focus of this section. The basic ORAspec algorithm, as described in

Alg. 4.3, does not need to be changed.

The increased dimensionality of the specialisation problem has a significant effect on the

size of the search space. The search space for a tree of heighth and branching factorb is now

given by thehth term of the following sequence:5

S1 = 1

S2 = b + 1

Sn =

n
∑

i=1

iSn−1(1 + Sn−1)
n−i.

To illustrate the combinatorial explosion corresponding to this result, Tab. 4.2 presents the size

5Actually it is Sh + 1 (see appendix B).
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of the space for small values ofb andh. The combinatorial explosion is clearly much higher

for this problem than for the distance-only specialisation(see Tab. 4.2).

height(h)
Branching factor (b)

2 3 4

2 3 4 5

3 22 157 1556

4 508 389.5 × 104 586.5 × 1010

Table 4.2: Indicative search space sizes for the specialisation of distance and duration.

The large exponential increase to the size of the search space is due to the additional pruning

choices which have to be considered. As mentioned above, this increase is caused by the

numerous alternative pruning combinations for nodes in thesame level of the EST. In the

simplest case, these nodes are siblings and for the sake of simplicity they will be referred

to as siblings in the rest of this discussion. Since the most expensive pruning combination

is no longer the only option for sibling nodes, a search has totake place for an alternative

combination which achieves the same effect, but minimises the specialisation cost. The space

for this search can be quite large and for this reason an efficient search algorithm is needed.

In the distance-only specialisation, the notion of left andright specialisation was intro-

duced, meaning that specialisation affected the lower or the upper bound of the most general

model, respectively. A set of sibling nodes was then dividedinto three mutually exclusive sub-

sets,(L,Q,R), using the most specific model. The nodes which satisfied theLGG model were

named non-excludable and grouped in setQ. A similar separation of sibling nodes is possible

here too, but there are five mutually exclusive sets involved:

• Left specialisation by distance (Ls).

• Right specialisation by distance (Rs).

• Left specialisation by duration (Ld).

• Right specialisation by duration (Rd).

• Non-excludable (Q).

The allocation of nodes into the duration and distance sets is done on the basis of the most

preferable pruning choice for a node, i.e., the least expensive one. The separation between left

and right sets is done with the use of theLGG model, as before. Non-excludable are now the
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nodes which cannot be pruned by either of the two parameters.In the simple example shown

above, there are two siblingA nodes, i.e.,A(2, 3) andA(6, 10). The duration and distance

values corresponding to them are(dA = 1, sAB = 5) for the first and(dA = 4, sAB = −2)

for the second. The associated specialisation costs arecs(dA) = (1 + 1) − 1 = 1, cs(sAB) =

10− (5−1) = 6 andcs(dA) = (4+1)−1 = 4, cs(sAB) = (−2+1)− (−10) = 9. Therefore

the preferred choice forA(2, 3) is specialisingMGGd, i.e., duration pruning, and the same for

A(6, 10). Furthermore they both cause an increase in the low bound ofMGGd and therefore

belong toLd. The other four specialisation sets are empty for this example.

In order to draw the attention on the essence of the problem, in the rest of this section costs

are used instead of the underlying temporal parameters. Thus, a sibling will be represented by

the following notation:

(N,Cs, Ps, Cd, Pd),

whereN is a node, likeA(2, 3), Cs the cost of pruning it by distance,Ps an indicator of

whether it is pruned left or right by distance andCd, Pd the cost and pruning side for duration.

Thus, the above two examples would be represented by:

(A(2, 3), 6, r, 1, l) and (A(6, 10), 9, l, 4, l),

meaning that the first node is pruned right by distance and left by duration and the second node

left by distance and by duration. Moreover, small letters will be used to denote nodes, rather

than the actual event occurrences, e.g.(a, 6, r, 1, l) and (b, 9, l, 4, l), wherea, b are sibling

nodes. Using this representation, the problem to be solved is as follows:

Given a set of siblingsS, separated into five mutually exclusive subsetsS =

Ls
⋃

Rs
⋃

Ld
⋃

Rd
⋃

Q, find a subset of theseS′, which determine the least ex-

pensive way of excluding all the nodes inS\Q. The pruning choice determined

by S′ is represented as a quadruple of nodes:(Esl, Esr, Edl, Edr), one for each of

the four types of specialisation:Ls, Rs, Ld, Rd. The symbol ‘−’ denotes that no

specialisation is needed on that side of theMGG range.

Thus, in the above example,

S = {(a, 6, r, 2, l), (b, 9, l, 4, l)} =

Ls = {}
⋃

Rs = {}
⋃

Ld = {(a, 6, r, 2, l), (b, 9, l, 4, l)}
⋃

Rd = {}
⋃

Q = {}
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and the minimum cost choice is to prune both nodes by duration. Therefore:S′ = {(b, 9, l, 4, l)}

contains the node with the highest duration specialisationcost and the pruning choice is repre-

sented by(−,−, b,−), meaning that only left duration specialisation is needed and the chosen

node for this isb.

In order to simplify the problem, initially the following assumptions will be made:

• Pruning can be done on only one side. Thus, instead ofLs, Rs, Ld andRd, only two

setsS andD are used. Note that this is different from the simpler case examined in

distance-only specialisation, where the two sets involved, (L,R), corresponded both

to distance specialisation and were independent in terms ofpruning choices. Here,

all the members ofS can also be pruned by duration and vice versa. The separation

is done on the basis of the cheapest option for each individual node.

• There are no illegal choices. Hence,Q is empty and every node inS andD can be

pruned both by distance and duration.

Both these assumptions are relaxed later in the section.

To gain a better insight on the properties of the problem, assume a set of siblings, separated

into:

S1 = {(a, 9, 21), (b, 7, 12), (c, 5, 15)},D1 = {(d, 11, 10), (e, 20, 9), (f, 12, 5)},

where each triple holds the node, the cost of pruning by distance and the cost of pruning by

duration. Note that the side of specialisation is omitted from the notation, since it is assumed

that all specialisation is done on the same side. In this example, the optimal choice is(a, d),

i.e., to prunea andd by their preferred options. This combination costscs((a, d)) = 9 + 10 =

19, which is less expensive than all other choices. A special property of the two sets, which

simplifies the decision, is that none of the nodes inS1 can be pruned by the most expensive

duration inD1 and vice versa. In other words, the alternative pruning choice for each node

is higher than the preferred one for nodes in the other set. For example, pruningd, e, f by

distance costs11, 20, 12 respectively, while the highest distance cost inS1 is only9 for a. The

term independentwill be used for sets which have this property. Independent sibling sets are

very useful in the design of the algorithm presented below. Another reason why the least-cost

pruning combination can easily be found in this example is that all the nodes inS1 are excluded

by a. In other words, both the duration- and distance-pruning cost of b andc are lower than

those ofa. This is not the case forD1, where none ofd, e, f excludes each other.D1 is said to
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beminimal, because all of the nodes in the set can affect the optimal pruning choice, whileS1 is

not. Minimality is not essential for the proposed algorithm, but it can improve its performance.

The most expensive nodes ofS andD are not always the optimal combination. Consider

for example the following sets:

S2 = {(a, 6, 7), (b, 5, 9), (c, 3, 5)},D2 = {(d, 7, 5), (e, 7, 4), (f, 20, 3)}.

Pruninga andd by the preferred choices in this case leads to a costcs((a, d)) = 6 + 5 = 11,

which is higher than pruningd by distance andf by duration,cs((d, f)) = 7 + 3 = 10. Thus,

despite the fact that the duration-pruning cost ofd is lower than its distance-pruning cost,

overall it is beneficial to pruned by distance, because its distance-pruning cost is not much

higher than the distance-pruning cost of the nodes inS2. Therefore{a, b, c, d, e} are pruned

by distance and onlyf needs to be pruned by duration, because its distance-cost istoo high.

Another interesting property ofS2 andD2 is that they are notindependent. Nodec is excluded

by d, both by duration and by distance, i.e., ifd is pruned thenc is also certainly pruned. For

this reason it plays no role in the decision about the optimalpruning choice. Moreover, neither

S1, norD2 are minimal, becausea andb excludec andd excludese.

Figures 4.14(a) and 4.14(b) present the two sets of nodes in the two-dimensional cost space.

The shaded area is not pruned and is the one being maximised bythe least expensive pruning

combination. Note also that the45◦ line separates the set of nodes into theS andD sets.

The search algorithm for the minimum cost solution to pruning a set of sibling nodes uses

the independenceof sibling subsets. If a nodeni is excluded by anothernj, both by duration

and by distance, it does not affect the decision about the overall optimal pruning choice. The

optimal solution should prunenj, either by duration or by distance and therefore it will auto-

matically pruneni, too. Thus, excluded nodes can be removed from the sibling subsets and the

remaining subsets will be independent and minimal. In the second example above, onlyc and

e are excluded and can be removed fromS2 andD2 respectively:

S3 = {(a, 6, 7), (b, 5, 9)}, D3 = {(d, 7, 5), (f, 20, 3)}.

Given two independent sibling subsets, the first two obviouschoices is to prune them all

either by distance or by duration. These choices forS3 andD3 will be (f,−), i.e., pruning by

the largest distance cost, which is that off , and(−, b), i.e., pruningb, which has the largest

duration cost. The latter option is also the optimal solution in this case. The first effect of the
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Figure 4.14: Sibling nodes in the cost space.cs(d): cost of pruning a node by duration,cs(s):
cost of pruning a node by distance.

independence property is that these two solutions can be found by examining only one of the

two subsets. The distance-pruning cost of all the nodes inS3 is lower than that of the nodes in

D3 and the opposite holds for the duration-pruning cost. In other words, given two independent

subsetsS andD, the following holds:

∀ni ∈ D,nj ∈ S : (d(ni) < d(nj)) ∧ (s(ni) > s(nj)), (4.1)

whered(n) ands(n) denote the duration- and distance-pruning costs forn.

The alternative to these two options is to use a two-node pruning combination, such as the

combinations:(a, d) and(d, f) examined above. For this type of pruning it can be shown that

the optimal solution is either the combination of the two most expensive nodes from each set,

pruned by their preferred choice, i.e., the choice(a, d) above, or a combination of nodes from

the same set. In other words, there is no need to examine combinations of nodes from the two

sets, other than the most expensive combination. The proof for this is presented in appendix C

and it makes use of the property described in (4.1) above. Thus, the five possibilities for the

optimal solution are the following:

1. (ni,−), ni ∈ D ∧ ∀nk ∈ D : s(ni) ≥ s(nk) or

2. (−, nj), nj ∈ S ∧ ∀nl ∈ S : d(nj) ≥ d(nl) or

3. (ni, nj), ni ∈ S ∧nj ∈ D∧∀nk ∈ S : s(ni) ≥ s(nk)∧∀nl ∈ D : d(nj) ≥ d(nl) or

4. (ni, nj), ni, nj ∈ S ∨ ni, nj ∈ D.
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Case 3 corresponds to the choice(a, d), which prunes all nodes by their preferred choice.

If a is pruned by duration instead of distance, then all the nodesin D3 will also be pruned,

since the duration cost ofa is higher than theirs. This is guaranteed by the independence

property, as presented in (4.1). Thus, the nodes inD3 can be ignored and a way of pruning the

remaining nodes inS3, e.g. pruningb by distance, needs to be found. This solution is one of

the possibilities under case 4.

The practical implication of this result is that it reduces the number of combinations that

need to be examined. Cases 1,2 and 3 correspond to unique solutions and case 4 provides

one solution for each element of each of the two sets. The total number of solutions isL =

(|S| − 1) + (|D| − 1) + 3 = |S|+ |D|+ 1. If S andD are ordered, the algorithm needed for

finding the optimal solution is of linear time complexity anddoes not, in average, enumerate

all solutions, see Alg. 4.4. The initial assumption is that case 3 is the optimal one and then case

4 is examined, individually on each set. Cases 1 and 2 result naturally at the end of the iteration

on each set. Minimality of the subsets is not an assumption, but it reduces the number of nodes

that have to be processed.6

The problem becomes more complex when left and right specialisation is taken into ac-

count. As mentioned above, the set of siblings is separated into five mutually exclusive subsets,

(Ls, Rs, Ld, Rd, Q). Nodes which are excluded by others can be ignored here, too.Thus, the

assumption is that the five sets are independent and minimal.The non-excludable nodes can

also be ignored, as before. Nodes which can only be excluded by one of the two parameters

have also a minor effect on the search. Namely, they set a minimum pruning cost for this

parameter, which needs to be taken into account in the search.

The discussion here will concentrate on the remaining nodes, i.e., those which can be

pruned by either of the two parameters and are not excluded byothers. As an example, as-

sume the following subsets of siblings:

Ls = {(a, 10, l, 11, l), (b, 8, l, 15, l), (c, 3, l, 7, r)}, Rs = {(d, 7, r, 9, l), (e, 5, r, 12, l)}

Ld = {(f, 11, l, 8, l), (g, 12, r, 7, l)}, Rd = {(h, 13, l, 6, r)}

The first important property of this problem is that the two composite setsS = Ls
⋃

Rs and

D = Ld
⋃

Rd, have similar independence properties as before. Thus, allnodes inS, have
6The process involves 4 pre-processing steps: splitting theoriginal set intoS andD, sorting each ofS andD,

selecting the minimal and independent subsets ofS andD. The most expensive step is the sorting. All others have
a linear complexity, like the ORAsib search.
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Input: Two ordered, independent sets of siblingsS andD.

Output: The optimal pruning choice(ni, nj).

ORAsib(S,D) :

p∗ ← (head(S), head(D)) % initial optimal solution
c∗ ← costa(p∗)
c1 ← dur-costb(head(S))
WHILE (c1 < c∗ ∧ S 6= {}):

n2 ← head(S) % node inS to be pruned by duration
c2 ← c1

REPEAT
S\{head(S)}
c2 ← dur-cost(head(S)) % duration cost of next node inS

UNTIL (c2 > c1 ∨ S = {}) % higher duration cost or end of set reached
IF S 6= {}:

p3 ← (head(S), n2)
c3 ← cost(p3)
IF c3 < c∗: p∗ ← p3 ∧ c∗ ← c3 % update optimal solution

ELSEIF c1 < c∗: p∗ ← p2 ∧ c∗ ← c1 % update optimal solution
ENDIF

ENDWHILE
% Repeat the process forD, updating the optimal solutionp∗

RETURN p∗

aCalculate solution cost.
bDuration-pruning cost for one node.

Algorithm 4.4: Description of the search algorithm for optimally pruning aset of sibling
nodes.

lower distance-pruning costs than their equivalent inD and vice versa. However, it is no

longer the case thatall the nodes inD are pruned when a node inS is pruned by duration. It

is possible, for example, that none of the nodes inS are pruned right by duration. Therefore,

by pruning the nodes inS by duration, theRd nodes remain unpruned. This effect has to be

taken into account by the search algorithm, which needs to guarantee that all the nodes in both

sets are pruned. In the above example, this phenomenon does not occur.S contains both nodes

which can be pruned left by duration, e.g.a, and nodes which can be pruned right by duration,

e.g.c. Similarly for D.

Nodes in a left specialisation set, e.g.Ls, cannot be excluded by nodes in the corresponding

right specialisation set,Rs, by the preferred parameter, distance in this case. In otherwords,

pruninga by distance does not, by definition, have any effect ond, e, which need to pruned

in a different way. However, pruninga by duration will cause the pruning ofd, because they
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can both be pruned left by duration andd(b) = 9 < d(a) = 11. For this reason, the preferred

choice for pruningall nodes inS, may differ from the combination of the preferred choices

for pruningLs andRs individually. For example, the solutions(a, d,−,−) and(c,−, b,−),

which cost10 + 7 = 17 and3 + 15 = 18 respectively, would both prune all nodes inS and the

latter is only marginally more expensive than the former. Moreover,(c,−, b,−) has a larger

overall effect, pruning also all of the nodes inLd, while (a, d,−,−) cannot have any effect on

the nodes ofD, due to the independence properties ofS andD.

The above examples illustrate the kinds of dependencies, which have to be taken into ac-

count during the search. The most important problem is to findthe optimal solution for pruning

all the nodes ofS andD independently. The number of combinations which have to be con-

sidered for setS are (|Ls| + 1) × (|Rs| + 1) and similarly forD. A simple algorithm for

enumerating these solutions has a quadratic time complexity. Table 4.3 presents the solutions

generated and evaluated by this algorithm for setS in the above example.

Generated Preferred
solution Cost solution Cost

(a, d, f, h) 31 (a, d, f, h) 31
(b, d, a, h) 32 (a, d, f, h) 31
(c, d, b, h) 31 (a, d, f, h) 31
(−, d, b, c) 29 (−, d, b, c) 29
(a, e, d, h) 30 (−, d, b, c) 29
(b, e, a, h) 30 (−, d, b, c) 29
(c, e, b, h) 29 (−, d, b, c) 29
(−, e, b, c) 27 (−, e, b, c) 27
(a,−, e, h) 28 (−, e, b, c) 27
(b,−, e, h) 26 (b,−, e, h) 26
(c,−, b, h) 24 (c,−, b, h) 24
(−,−, b, c) 22 (−,−, b, c) 22

Table 4.3: Trace of the extended ORAsib algorithm, looking for an optimal pruning choice on
four independent sibling subsets.

The algorithm simply lists all possible combinations of thenodes inLs andRs, attempting

to prune them first by their preferred parameter and then by the alternative. The best choice in

this case is(−,−, b, c), which prunes all nodes by duration. A similar process takesplace for

theD set, generating3 × 2 − 1 = 5 solutions. However, the optimal overall choice remains

(−,−, b, c) in this case. This approach is less efficient compared to the one for the simpler
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problem, presented in Alg. 4.4, because it needs to enumerate all combinations for each of the

two setsS andD. However, it still makes use of the independence propertiesbetweenS and

D, achieving reasonable time complexity.

4.6 Model initialisation and cost functions

One aspect of the proposed refinement method which has not been paid enough attention so far

is the choice of cost functions. Since the presented algorithms guarantee the optimal solution,

the choice of optimality criterion is the most important determinant of the performance of the

method. The generalisation,cg, and specialisation,cs, cost functions used so far take a very

simplistic approach. Namely the minimisation of the changeincurred on the original models.

This feature makes them prone to the initialisation of the most specific and most general models

for the parameters.

To give an extreme example, assume that the initialMGGd for a subeventA isMGGd(A) =

[4..10] and itsMGGs, relative toB, MGGs(A,B) = [−40..40]. Now assume the following

negative example:A(0, 5), B(35, 40). The preferred specialisation change in this case would

be to makeMGGd(A) = [6..10], rather thanMGGs(A,B) = [−40..29]. However, this is un-

likely to be the desired refinement solution. Thus, it seems reasonable to scale the cost function

by the initial size of the refined range.

An additional issue which has not been examined is how the initial MGG andLGG ranges

are set. These are necessary for the calculation of the refinement cost. A reasonable heuristic

approach for theLGG range would be to select the midpoint of thePPS range. Thus if the

parameter range provided by the expert isPPSd(A) = [5..9], thenLGGd(A) = [7..7] seems

like a reasonable starting point. This choice is in accordance to the minimum change bias for

the original model. A similar approach might be followed fortheMGG model, i.e., extending

thePPS range equally on both sides, e.g.MGGd(A) = [2..12]. Alternatively, the expert may

be required to provide these values. Thus, the assumption continues to be that the initial most

specific and most general models are provided for each event in the TCN.

Based on this assumption an attempt is made here to choose a cost function which provides

a good estimate of the real refinement cost. To simplify the discussion the following models
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are assumed:

LGG = [0..lg], PPS = [0..ps],MGG = [0..mg],

wherelg ≤ ps ≤ mg and only right specialisation and generalisation is possible, i.e., the

low bound of0 is fixed. Assuming also a positive parameter valuex, the following are some

features which the generalisation and specialisation costfunctions should possess:

1. The extent of change incurred to the corresponding model should be measured, i.e.,

x− lg for generalisation andmg− (x− 1) for specialisation. A dual of this criterion

is the generality of the resulting model, i.e.,mg−x for generalisation and(x−1)−lg

for specialisation. For a givenmg − lg the two criteria are equivalent.

2. The effect on the preferred model, if there is any, should be taken into account, i.e.,

x− ps for generalisation andps− (x + 1) for specialisation.

3. The cost value should be scaled in a way that makes it comparable for different pa-

rameters in the model, i.e., wheremg − lg might differ.

The functions examined so far satisfy only the first of these requirements.

A simple function which achieves all three requirements forgeneralisation is the following:

cg =







x−lg
mg−lg+1 , if x ≤ ps or

x−lg
mg−lg+1 + x−ps

mg−ps+1 , if x > ps.

The basic function, x−lg
mg−lg+1 , is a scaled version of the one used in the chapter so far. Moreover,

it adds an extra penalty, x−ps
mg−ps+1 , if the PPS is affected. Similarly for specialisation:

cs =







mg−(x−1)
mg−lg+1 , if x > ps or
mg−(x−1)
mg−lg+1 ,+ps−(x−1)

ps−lg+1 if x ≤ ps.

4.7 Summary and critique

The task of refining a TCN event recognition model differs from standard knowledge refine-

ment tasks in several respects. In particular, the construction of examples from a stream of

training data presents an interesting problem. In this chapter, the concept of an event support

tree has been introduced for dealing with this problem. The EST is a means of associating

a number of subevent sequences, which share a common terminal subevent occurrence. This

is of interest, due to the direct correspondence of terminalsubevents to the defined events, as
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was seen in chapter 3. For the task of parameter refinement, anincremental method has been

proposed, which uses a limited memory structure. This structure holds a most general and a

most specific model for each event definition, which serve as an upper and lower bound for the

actual parameter settings. The two models are specialised and generalised respectively, in re-

sponse to positive and negative examples. Optimal generalisation and specialisation algorithms

have been introduced, which make use of the EST structure to avoid exhaustive enumeration,

in the average case. Finally, the choice of optimality criterion for the two algorithms has been

discussed.

The refinement method presented in this chapter suffers fromtwo important problems:

order-dependence and noise-sensitivity. The first problemresults from the incremental nature

of the algorithm and the restricted memory structure. An alternative would be to maintain

a number of most specific and most general models, rather thanjust a single pair. In other

words, perform a beam search over time, rather than a greedy one. A different approach to

the extension of the memory structure is presented in the next chapter. The problem of noise-

sensitivity is a result of the optimality requirement for the refinement search. If there is noise

in the data, it is possible that a suboptimal, according to the data, solution should be sought

for. A heuristic search method, which takes this problem into account, is also presented in the

chapter 5.

Another problem, which becomes more important in the extended-memory structure in

chapter 5 is the size of the generated ESTs, especially the negative ones. One way in which

this can be restricted is by the use of theMGG models, to discard for example subevents which

have occurred a long time ago. This restriction is necessaryfor a realistic refinement system.

A different way to reduce the memory requirements is to use the event support network as a

representation, which eliminates some of the duplication in the EST. However, the design of

search algorithms on an ESN seems problematic. This approach is not pursued in this thesis.



Chapter 5

Lazy refinement under full supervision

The aim in this chapter is to develop a refinement method whichis inde-
pendent of the presentation order of the training data and tolerates noise.
The target of the refinement is the same as in the previous chapter, i.e.,
refinement of the parameters in an event definition, given a sequence of
subevent occurrences and the event occurrences that shouldbe recog-
nised. In order to achieve order independence, the memory structure is
extended to store more information about the training data.This struc-
ture is updated incrementally and is used by alazy refinementalgorithm,
which provides a new approach to the parameter refinement task. The
method also deals with the issue of noise in the data, allowing for con-
tradictions and imperfect classification in the training set. The heuristics
used for the refinement search combine a model-based (proximity) with
a data-based (purity) cost function.

5.1 Order independence

The refinement algorithms presented in chapter 4 perform a search for the optimal changes

to the maximal (MGG) and minimal (LGG) parameter settings of a given event recognition

model, with a knock-on effect on the preferred settings (PPS). This search uses information

about the currentMGG andLGG settings and the latest positive or negative example of an

event. The optimal changes which are generated are adopted and the parameter settings are

modified accordingly.

The main problem with this incremental approach is that the solutions generated are only

“locally” optimal in time. Assume for example the followingevent definition:

IF A(iA) AND duration(Z,A, dA)

AND B(iB) AND duration(Z,B, dB) AND precedes(Z,A,B, sAB)

THEN Z(iZ) WHERE i−Z = min({i−A, i−B}) AND i+Z = i+B

136
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and the parameter settings:

PPS(Z) = PPSd(A) = [2..4] ∧ PPSs(A,B) = [0..3] ∧ PPSd(B) = [1..2],

LGG(Z) = LGGd(A) = [3..3] ∧ LGGs(A,B) = [2..2] ∧ LGGd(B) = [1..1],

MGG(Z) = MGGd(A) = [1..5] ∧ MGGs(A,B) = [0..5] ∧ MGGd(B) = [1..5].

Assume also that the desired parameter ranges are:

PPS(Z) = PPSd(A) = [2..4] ∧ PPSs(A,B) = [0..2] ∧ PPSd(B) = [1..4].

The following sequence of subevent occurrences:

A(0, 2)

B(2, 3)→ Z(0, 3)

A(4, 7)

B(10, 14) (9 Z(4, 14))

A(15, 18)

B(20, 24) → Z(15, 24),

corresponds to two positive examples:

(dA = 2, sAB = 0, dB = 1) ∧ (dA = 3, sAB = 2, dB = 4)

and several negative ones, out of which only one satisfies theMGG ranges and is of interest:

(dA = 3, sAB = 3, dB = 4).

The first positive example leads to the expansion of theLGG ranges:

LGGd(A) = [2..3]; LGGs(A,B) = [0..2]; LGGd(B) = [1..1]

and the first negative example causes the retraction of theMGG range for the duration ofB:

MGGd(B) = [1..3],

which excludes the negative sequence ending withB(10, 14). This decision is locally optimal,

since it does not involve changes to thePPS ranges as all other candidate solutions would

have done. However, this choice makes it impossible to coverthe second positive example,

which requires that the duration ofB is 4.

This situation would not have occurred if the examples were encountered in a different

order. For example, the sequence:
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A(0, 2)

B(2, 3)→ Z(0, 3)

A(4, 7)

B(9, 13) → Z(4, 13)

A(14, 17)

B(20, 24) (9 Z(14, 24))

corresponds to the same positive and negative examples as above. In this case, the first two

positive examples lead to the followingLGG parameter settings:

LGGd(A) = [2..3]; LGGs(A,B) = [0..2]; LGGd(B) = [1..4]

and the negative one, leads to the correct retraction of theMGG for the distance between the

two subevents:

MGGs(A,B) = [0..2],

which is the only way to exclude the negative sequence.

The problem of order dependence is common to all incrementallearning and refinement

algorithms that make locally optimal decisions. It has beenidentified and studied in almost all

sub-domains of empirical learning.1 The standard solution to the problem is to store the accu-

mulated training information in some form of memory structure. The commonly used memory

structures can be classified into two general categories:data memoryandmodel memory.

Data memory. Under this approach the training data set, or part of it, is stored and can be

used to make a global decision on the basis of the accumulatedinformation. The methods using

this approach are usually batch processing algorithms modified to solve incremental refinement

tasks. Examples of these are the ID4 [91] and ID5R [101] algorithms for the incremental

construction of decision trees. The latter is an improved version of the former and has the

interesting property of incorporating the storage of the examples with the classification model.

This is achieved by extending the decision tree representation to store frequency histograms

for the examined features, plus the parts of the examples that are not covered by the current

best-choice decision tree.2

1It is considered for example throughout [50], which is an elementary machine learning textbook.
2This is needed, since the decision tree allows classification under partial feature information.
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Model memory. An alternative approach is to record the parts of the search space explicitly

considered at each incremental step. A method which adopts this approach is the candidate

elimination algorithm [64], which was described briefly in chapter 4. This algorithm uses the

version space memory structure which maintains all most general and most specific models,

that are incrementally constructed. In the context of the methods presented in chapter 4 this

means that all candidate changes to the minimal and maximal models are stored at each local

decision point.

The latter approach is less commonly used, due to its high storage cost. Search space

explosion is common in real learning and refinement problemsand it is difficult to find efficient

ways of storing all possible choices. On the other hand, thismethod is truly incremental and

does not require the re-computation or modification of the best-choice classification model.

Concerns about space inefficiency have led to the selection of the former of the two approaches

here. Section 5.3 describes a memory structure which extracts and stores useful information

from the training examples, allowing order-independent refinement of the event recognition

models.

5.2 Noise tolerance

The second major assumption that is made in chapter 4 is that the training data are correct. This

is an unrealistic assumption for real-world problems, where uncertainty in data acquisition is

unavoidable. For instance, noise could be introduced in theexample above in the form of a

mismeasurement of the time stamp for an event. Thus, if a small measurement error in the

third B occurrence had occurred, the following sequence could be received:

A(0, 2)

B(2, 3)→ Z(0, 3)

A(4, 7)

B(9, 13) → Z(4, 13)

A(14, 17)

B(19,23) (9 Z(14, 23))

and it would not be possible to exclude the negative example of Z. The problem arises due

to the contradiction between the second positive and the negative example. They both use
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subevent occurrences of the same duration and the same distance between them. Despite that,

their classification is different, i.e., one of them leads tothe recognition ofZ, while the other

does not.

The situation described above is only one of the possible types of noise which could be en-

countered. Types of noise which are expected to be commonly encountered are the following:

• Input or feedback measurement error.

• Missing event in input or feedback.

• Extra event in input or feedback.

Each of these situations leads to mislabelling of examples,which possibly contradicts correctly

labelled ones, as shown in the example above. The approach adopted here for such problems,

is to tolerate misclassification. The refinement algorithm no longer makes the assumption that

all the examples are correctly labelled and allows for imperfect classification of the training

data. There still is a bias for good classification performance, which is enforced by a fitness

function calledpurity, but the absolute maximum of this function is no longer required.

Assuming the selection of an appropriate purity function, it is expected that the refined

model will be a robust solution to the problem, despite the misclassification of some of the

training data. Statistically, this is more likely to be the case, the larger the proportion of the

search space which is explored, i.e., the larger and more diverse the training set that is used.

This contradicts the assumption of refinement with a small training set. In order to resolve

this contradiction, an additional model-based fitness function is used, calledproximity, which

introduces a bias for minimum model modification. The combinedfitnessfunction, using purity

and proximity, guides the refinement search to solutions which achieve good classification

performance and are close to the original model.

The usual approach to noise handling in empirical machine learning is different from the

one adopted here. The difference stems from the fact that in empirical learning there is no

restriction to the size of the training set and no initial model. In that situation, the trade-off is not

between classification performance and model change, but between classification performance

and model complexity. The underlying assumption is that simpler models are more robust, i.e.,

more likely to model the process generating the data. Examples of this work is the post- and

pre-pruning of decision trees [9, 83, 69].
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5.3 Extended memory structure

In chapter 4, the concept of Event Support Trees (EST) was introduced to represent positive and

negative examples of an event. Each branch of the tree, from root to leaf, represents a sequence

of subevent occurrences which could cause the recognition of the higher-order event. Positive

ESTs hold positive examples of the event and negative ones store negative examples. Thus, the

set of all ESTs generated over time for an event constitute the training set for that event. The

memory structure presented in this section utilises this observation to allow order-independent

parameter refinement.

5.3.1 Relative event support trees

The extended memory structure presented here belongs to thecategory termeddata memory

in section 5.1, since it accumulates information about the examples presented to the system up

to a certain point in time. Themodel memoryalternative has been rejected, due to the large

number of model changes that satisfy individual examples. As seen in chapter 4, in the case

of negative examples the search space is highly exponentialand storing all of the alternative

model changes would cause an exponential increase in space requirements. Thus, storing the

training data and performing batch refinement is preferable. However, the explicit storage of

all ESTs is also inefficient, since each individual EST can bequite large. For this reason, the

memory structure translates the ESTs into a more compact representation which is also more

suitable for parameter refinement.

The new memory structure is called aRelative Event Support Tree(REST) and extends

the EST representation in several ways. The first major difference from an EST is that the

nodes do not hold absolute, but relative time information. Instead of a time stamp, each node

of a REST holds a(distance,duration) pair, which corresponds to the duration of the

subevent occurrence in the EST and its distance from the subevent occurrence that it precedes,

i.e., its parent node in the EST. Figure 5.1 illustrates how aREST is built by the set of ESTs

for the first example examined in section 5.1. Strictly speaking, a REST is not a tree, but a

forest, i.e., a set of trees, each corresponding to a different duration for the terminal subevent

in the definition. However, it is convenient to think of it as atree, containing a dummy node

which relates the individual trees. Note also that the distance information for the nodes of the

terminal subevent is undefined, since it does not precede another subevent.
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REST(Z)

10,14
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EST2 (Z)

20,24
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EST3 (Z)
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EST1 (Z)

20,24

EST3 (Z)

0,2

Figure 5.1: From EST to REST. The index of the EST correspondsto the example number and
the superscript to whether it is a positive (+) or a negative (-) one.

The REST can take advantage of the repetition in the parameter values encountered in

the examples to reduce its space requirements. An example ofthis phenomenon in Fig. 5.1

is the node(?, 4) for subeventB. This node corresponds to three different occurrences of

the subevent. Moreover, the use of relative time removes theneed for a transformation from

the time domain to the parameter space, where the refinement search takes place. The search

can now be done on the basis of the values held in the nodes of the REST. For example, by

setting the duration range forB to PPSd(B) = [1..4], both nodes of the terminal subevent in

REST(Z) are covered, since they hold the duration values:dB = 1, dB = 4. Therefore, unless

excluded by the remainingPPS ranges, i.e.,PPSs(A,B) andPPSd(A), all examples ofZ

will be covered by this choice.

The information in the REST of Fig. 5.1 is not sufficient for deciding about the coverage of

each model. In addition to the relative representation of the examples, the REST structure needs

to hold information about the example sequences that each node participates in. For instance,

the node(?, 4) for B in Fig. 5.1, corresponds to one positive and two negative examples of

Z. This information is needed, in order to calculate the purity of a refinement solution. The

usual approach to this problem, e.g. [101], is to store frequency counts of the encountered
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examples. However, frequency information is not sufficientfor RESTs, due to the phenomenon

of alternative positive examples. As explained in chapter 4, a positive EST represents a set of

event sequences, of which one is sufficient for the satisfaction of the example. Therefore, if

two nodes at the same level of the REST are derived from the same positive EST, covering one

of them is as good as covering both. This information cannot be deduced by frequency counts

alone. Each positive example covered by a REST node must be uniquely identifiable. The

solution adopted for this problem is to use a global example counter, which is used as a unique

label for each EST. This number corresponds to the index of the ESTs in Fig. 5.1. Thus, each

REST node can hold a list of the positive example labels that it covers. This is not necessary for

negative examples, since all sequences in each negative ESTneed to be excluded. Therefore a

simple count of the negative examples covered by each REST node suffices.

Figure 5.2 illustrates the local storage of positive and negative examples in the REST of Fig.

5.1. The square brackets beside each REST node contain a set of labels for positive examples,

enclosed in braces, and the number of negatives covered. In this case, the positive sequences

do not have alternatives and therefore each positive example number appears only once in each

level of the REST.
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2,3 8,23,3 13,3 18,2

B

A

REST(Z)

[{1},0]

[{1},0]

[{3},4]

[{3},0] [{},1] [{},1] [{},1] [{},1]

Figure 5.2: A REST with coverage information.

5.3.2 Pruning the relative event support tree

The size of the REST can increase substantially, by considering nodes which correspond to

parameter values far outside the range of interest in the search. The usual cause of this problem

is the large size of negative ESTs. The identification and pruning of nodes which are not of

interest increases both the space and time efficiency of the refinement algorithm. The obvious

problematic situation is the consideration of very large distance values. TheA node(18, 2)
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of the REST in Fig. 5.2 is an example of this situation. Since the original parameter range

for the distance betweenA and B is [0..3] and small changes to it are required, this node

with a distance of18 is very unlikely to affect the search for new distance parameters. Similar

situations can occur for the minimum distance and the minimum and maximum duration limits.

This is especially so in the following situations:

1. The classification network is of high order, i.e., it contains event definitions of high

order. High-order events are usually of longer duration than lower-order ones, since

the duration of each conjunctive event is always at least as long as the longest subevent.

In this situation, introducing boundaries to the duration ranges of interest is useful.

2. There is a high degree of overlap between the defined eventsin the network. In that

case, large negative distances can be recorded, which againare of no interest.

The solution adopted for this problem is to introducewindowsof interest for each param-

eter range. These windows are ranges, similar to the MGG ranges, used in chapter 4. For

example, the window forPPSs(A,B) = [0..3] might beMGGs(A,B) = [−3..6]. If that was

the case, no distance values outside theMGG range would be considered in the construction

of the REST. The specification of parameter windows can be done either manually or automat-

ically. For the automatic specification of a window, the original range is extended in proportion

to its own size. The function in (5.1) is used to calculate theexpansion on each side of a range.

expansion([l−..l+]) = max(b× (l+ − l−),m) (5.1)

where[l−..l+] is the original range, e.g.PPSs(A,B) = [0..3], b is a factor of change andm

is a minimum bound to the required expansion. The parametersb andm are manually defined.

The minimum expansion bound is needed, in order to avoid problems when the original range

is very small. The window for[l−..l+] is then:

[(l− − expansion([l−..l+]))..(l+ + expansion([l−..l+]))].

If the examined range is a duration one, the lowest duration limit must be≥ 1.

To illustrate the calculation of a window, consider the expansion of the distance range

PPSs(A,B) = [0..3], under the assumption thatb = 1 andm = 2:

expansion(0, 3) = max(1× 3, 2) = 3.

The corresponding parameter window isMGGs(A,B) = [−3..6], which prunes the REST in

Fig. 5.2 to that of Fig. 5.3. The new REST focuses on the most relevant event sequences.
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Figure 5.3: Example of a pruned REST.

5.4 Refinement under full supervision

The REST structure facilitates the storage of positive and negative examples for each event,

under the assumption that training feedback is provided foreach of the events in the TCN. This

mode of refinement is termedfull supervision. The accumulated information can be used at any

point in time to refine the parameters of the model. Clearly, as more training data are received

and encoded in the RESTs, the refinement choice is more informed and therefore more robust.

This section describes a refinement algorithm which is invoked by the user of the system,

whenever refinement is desired. Due to its inactivity, during the incremental accumulation of

information, this type of algorithm is called alazy one. The common characteristic of lazy

refinement and learning algorithms is the use of a data, rather than a model, memory.

The lazy refinement algorithm (LRA), uses the REST of an eventto perform a heuristic

search for the correct parameter settings in the definition of the event. This search takes place

at two levels:

• A generate and testalgorithm (LRAloc) performs a local search at a single levelof

the REST. The result of this search provides the duration anddistance ranges for one

of the subevents in the definition.

• LRA then performs abest-first search, selecting and combining the results of indi-

vidual local searches, to construct a complete solution.

5.4.1 Local search for new parameters

The local search algorithm focuses on one of the subevents inthe definition, proposing the

refinement of the corresponding distance and duration ranges. The algorithm searches this
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two-dimensional space for rectangular regions, which cover as many positive and exclude as

many negative examples as possible. Each REST node is represented by a point in the space,

which can be positive and/or negative, depending on whetherthe node participates in positive

and/or negative sequences. Figure 5.4 presents the search space for the nodes corresponding

to subeventA in the unpruned REST of Fig. 5.2. The task here is simple: the problematic

negative point at(3, 3) can be excluded by a small retraction of the parameter range.
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sAB

1
32

+
+-

-
-
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18

3

1

(1)
(2)

(2)

(2)

(3)

(3)

Figure 5.4: The space for local search, under full supervision. The dashed rectangular region
corresponds to the original parameters and the shaded region to the desired ones. Plus points
correspond to positive examples and minus ones to negative.The example label is attached in
brackets.

LRAloc generates alternative parameter settings and evaluates their fitness with respect to:

• their purity, i.e., their ability to distinguish between positive and negative points, and

• their proximity to the original parameter settings.

The purity measure introduces a bias for correct classification, i.e., adata bias, and the proxim-

ity represents a bias for minimum change, i.e., amodel bias. The two measures are combined

into a fitness function. In order to describe the algorithm, the following generic fitness function

will be used:

f([s−..s+], [d−..d+]) : Z2 × Z2 → [0..1], (5.2)

which provides a real value between0 and1 for eachlocal solution, comprising the ranges

[s−..s+] for distance and[d−..d+] for duration. Such alocal solutionis represented here by

the following notation(e, s−, s+, d−, d+), wheree is the subevent which is examined. Local

solutions with high proximity and purity scores have a high fitness, i.e., close to1. The choice

of a fitness function is examined in section 5.5.
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A naive exhaustive approach to the problem would generateall possible combinations of

duration and distance ranges and evaluate them. In the aboveexample, such a method would

need to consider:

• 19 alternatives, all values in the range[0..18], for the lower distance limit;

• for each of these, all distance values above it, for the upperlimit;

• and similarly for the two duration parameters.

Even in this simple example, an exhaustive search would examine 190 × 3 = 570 candidate

solutions.

The first simple improvement to this approach is to ignore solutions that cover exactly the

same set of points. In other words, the parameter values of the givenpoints can be used to

generate the candidate solutions. In doing so, care has to betaken to select values that are as

close as possible to the original ones, since the goal is to change the original settings as little as

possible. For example, the solution which covers only the leftmost positive example would be

(A, 0, 1, 2, 4) instead of(A, 0, 0, 2, 2). This method reduces the number of candidates to21.

This argument can be taken further by defining situations where a candidate solution is

subsumedby another. As an example consider the solutions(A, 0, 3, 2, 4) and(A, 0, 8, 2, 4).

The latter one is clearly further away from the original parameters and covers the same points

as the former, plus one negative. In this situation, the latter candidate is said to be subsumed by

the former. The following set of criteria determines whether a solutionh1 subsumes another

solutionh2:

• h1 has a higher proximity thanh2 and

• it covers all positive points thath2 covers and

• it does not cover more negative points.

With the use of subsumption, all solutions generated by the three rightmost negative points in

Fig. 5.4 can be ignored. The resulting set of candidates contains only two solutions:(A, 0, 2, 2, 4)

and(A, 0, 3, 2, 4). Note that the second solution corresponds to the original parameter settings

and is retained, i.e., it is not subsumed by the former, because of its high proximity value.

The search, as described so far, maintains the optimality ofthe exhaustive search, but makes

use of constraints, which allow it to concentrate on an interesting subset of the complete set of

solutions. With the use of this method, the size of the searchspace can be significantly reduced,

although not always as much as in the simple example above. Inthe worst case, the complexity
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of the search is quartic to the number of training data points. Although this is just a worst

case estimate, it does cause concern about the efficiency of the search in handling complex

examples.

Taking into account the fact that the local search needs to beperformed several times in

the course of the search for a complete solution, it is necessary to improve the efficiency of

the local search algorithm further. This improvement is achieved by abandoning the optimality

requirement and replacing the exhaustive with a greedy heuristic search. The heuristic search

transforms the two-dimensional search problem into three one-dimensional ones, as described

below:

• Assuming the most general duration range necessary to coverall data points, select

the best solution on the distance axis, according to the fitness functionf which incor-

porates both purity and proximity information. In the example of Fig. 5.4, this stage

would produce the solution:

(A, 0, 2, ?, ?),

where the? sign denotes that the duration parameter is not relevant at that stage. In

addition, the solution(A, 0, 3, ?, ?) is generated, but not expanded further, because it

is assumed to have a lower fitness than(A, 0, 2, ?, ?). (A, 0, 3, ?, ?) is closer to the

original distance rangePPSs(A,B) = [0..3] and therefore has a higher proximity

than(A, 0, 2, ?, ?). However, it covers a negative example and has low purity.

• Do the same for the duration axis, resulting in:

(A, ?, ?, 2, 4).

• Select the best of the two solutions, e.g. distance refinement:

(A, 0, 2, ?, ?),

and, using only the points covered by this solution, performagain the one-dimensional

search on the other axis, e.g. duration. The result in this case is:

(A, 0, 2, 2, 4).

Clearly, this algorithm will not always produce the best overall solution. One of the rejected

solutions may perform better than the chosen one, when the second dimension is considered.
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However, the complexity of the greedy algorithm is only quadratic and by considering the best

solution onbothdimensions individually before constraining the search, aclose approximation

of the optimal solution is expected in most cases. A detailedspecification of the local search

algorithm is given in appendix D.2.

5.4.2 Combining local changes

A complete solutionconsists of a set of local solutions, one for each subevent. Thus, in addition

to the local search algorithm, a method for moving between levels of the REST and combining

the results is needed. This task is achieved by a best-first search method, which performs a

top-down traversal of the REST, applying the local search algorithm to each level visited. The

best-first search algorithm, constructs candidate solutions incrementally and stores them in a

set of solutions, which for the most part will bepartial, i.e., incomplete. The search stops when

the best solution is a complete one.

Figure 5.5 illustrates the search performed by the algorithm, using the simple REST of Fig.

5.3. At the top-level of nodes, i.e., subeventB, the algorithm generates two solutions:

(B, ?, ?, 1, 2),

(B, ?, ?, 1, 4),

constraining the duration ofB. The first one covers one positive example and the second all

three examples, i.e., two positive and a negative. The proximity of (B, ?, ?, 1, 2) is higher than

that of(B, ?, ?, 1, 4), because the original duration range forB is: PPSd(B) = [1..2]. Suppose

that the second candidate has a larger overall fitness value and is selected to be expanded. Since

it covers all nodes at the top level, all nodes at the lower level have to be considered. At that

level, the local search works as explained in section 5.4.1,updating the set of solutions to:

(B, ?, ?, 1, 2),

(B, ?, ?, 1, 4) ∧ (A, 0, 3, ?, ?),

(B, ?, ?, 1, 4) ∧ (A, ?, ?, 2, 4),

(B, ?, ?, 1, 4) ∧ (A, 0, 2, 2, 4).

The above is the set of complete and partial solutions at the end of the refinement search. Note

that both of the solutions generated in the first stage of the local search , i.e.,(A, 0, 3, ?, ?) and

(A, 0, 2, ?, ?), are retained. However, the latter, is expanded further to give (A, 0, 2, 2, 4).
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Figure 5.5: Best-first search, using the REST. The dashed rectangles correspond to the rejected
local solutions, while the shaded ones to the chosen solution.

If the last of the above solutions is chosen, it will be returned as the best overall solution,

because it is a complete one. An interesting alternative path would have been to expand the

partial solution(B, ?, ?, 1, 2), instead of(B, ?, ?, 1, 4). The best overall solution would then

have been:

(B, ?, ?, 1, 2) ∧ (A, 0, 3, 2, 4),

which has a higher proximity and excludes the negative example, but fails to cover one posi-

tive example. No change to the parameters ofA is needed, because(B, ?, ?, 1, 2) prunes the

negative example at the level ofB. Algorithm 5.1 gives a narrative description of the LRA

algorithm. A more detailed specification is given in appendix D.3.

An important feature of the algorithm is the way in which it incrementally builds the candi-

date solutions. Itexpandsa partial solution, examining the children of the nodes thatit covers.

The children are treated as if they were siblings, although they are children of different REST

nodes. The only requirement is that all the real sequences ofsubevents covered by the parent

nodes are also covered by the children set. This is warrantedby the direct correspondence of

the REST to EST nodes, i.e., the fact that each EST node is mapped onto a unique REST node.

The LRA algorithm does not always yield the optimal result. Its performance is dependent

on the choice of the fitness function used in the evaluation ofthe generated solutions. Its main

advantage is that it uses the REST in an efficient way. It uses the inherent relational structure

of the REST, i.e., the dependence of the children nodes to their parent, in order to focus on the

relevant areas as the search progresses. This is realised bythe top-down traversal of the REST.

Also, by making the local search independent from the globalbest-first search, the complexity
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Input: The REST for an event.

Output: Thebest-solution parameters for the event model.
LRA( REST):

1. Initialisesolutions andbest-solution to the empty set.
2. Set thecurrent-level to be the top level of the REST, i.e., the nodes corre-

sponding to the terminal subevent.a

3. Call LRAloc, to perform a local search using thecurrent-level nodes. Sort
the resulting solutions by their fitness value. The set of generated solutions in-
cludes the solutions generated on all three stages of the local search, even those
which constrain only one of the two parameter ranges, i.e., the ones generated in
the first two stages of the local search.

4. Generate a newpartial solution from each local one, by adding the local solution
to thebest-solution, according to fitness, i.e., proximity and purity. This
should be the head of thesolutions list.

5. Insert the new solutions to thesolutions set, maintaining the order by fitness.
Store thecurrent-levelwith each solution.

6. Choose the newbest-solution.
7. IF thebest-solution contains unconstrained parameter values:

• perform the third stage of the local search,
• replace it with the new set of solutions and repeat 6 and 7.

OTHERWISE IF thebest-solution is not complete:
• construct the set of children of the nodes covered by the solution,
• set thecurrent-level to the level stored with the solution,
• remove the selected solution and perform 3 to 7 on the constructed chil-

dren set.
ELSE return thebest-solution.

aNote that at the top level the search is one-dimensional, since the distance parameters are undefined.

Algorithm 5.1: The best-first global search algorithm (LRA).

of the multi-dimensional global refinement task is reduced in a natural way.

5.5 Cost functions

Due to the greedy nature of the search, the choice of the fitness function plays a very important

role in the overall performance of the refinement method. Thesmall size of the training set

means that the heuristic has to make the most of the availabledata. For this reason model-

based information is also taken into account. The way in which this is done has a significant

effect on performance. This section examines various alternatives for the heuristic and presents

their merits and shortcomings. There are certainly many more functions that could be used and

the final choice will be in many cases application-dependent. The goal here is to give some
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indication of the form that the heuristics need to take and their desirable properties.

The fitness function, introduced in (5.2), consists of two independent measures for the

quality of a local solution:

• purity evaluates the classification performance of the solution, i.e., the proportion of

positive and negative examples that it covers. The generic form for this function is as

follows:

purity((s−, s+, d−, d+)) : Z4 → [0..1], (5.3)

where(e, s−, s+, d−, d+) is the local solution,e being the subevent signature. A

simple purity function is the proportion of positive examples covered by the solution.

Applying this function to the local solution(A, 0, 2, 2, 4) of section 5.4.1, the result

is:

purity((0, 2, 2, 4)) = 1,

since the solution covers both of the two positive examples.

• proximitycalculates the amount of change to the original parameters and has a similar

form:

proximity((s−, s+, d−, d+)) : Z4 → [0..1]. (5.4)

Given, for example, the initial parameter ranges:

PPSs(A,B) = [0..3] ∧ PPSd(A) = [2..4],

the proximity of the local solution(A, 0, 3, 2, 4) is:

proximity((0, 3, 2, 4)) = 1,

because it does not change the parameter ranges.

In addition to the functions defined for local solutions, their counterparts for sets of lo-

cal solutions, i.e., partial and complete solutions, need to be defined. Theseglobal functions

evaluate sets of solution quadruples and take the followingform:

Purity(S) : P(Z4)→ [0..1], (5.5)

Proximity(S) : P(Z4)→ [0..1], (5.6)
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whereS is a set of local solutions andP(Z4) the power set of local solution quadruples.

In order to facilitate the comparison of the measures presented in the next sections, the

following are some important issues regarding the choice offitness function:

1. The purity heuristic should deal with alternative positive examples,as defined in

chapter 4. For each local solution, a set of alternative positives should count as a

single positive example.

2. It should be possible to give different weight to positiveand negative examples in

purity. Due to the definition of negative examples, as all non-positive sequences, the

number of positive examples is expected to be smaller than that of negative ones.

This raises a problem which becomes serious in the followingsituations:

• defining large parameter windows will allow the inclusion ofirrelevant se-

quences, which in most cases are negative,

• the combination of a highly-connected TCN and overlapping events leads

to the recognition of spurious sequences and a corresponding large number

of negative examples.

Since the degree to which these situations occur is not known, a flexible way to handle

the unbalanced training set is needed.

3. The derivative of thePurity andProximity functions should be of similar order. This

will simplify the fitness function which combines the two functions.

4. The fitness function should address the issue of relative importance of the data and

model biases, i.e., purity and proximity. Usually, this will depend on the amount of

expected noise in the data and the confidence to the original parameters of the model.

5. The globalPurity andProximity functions should facilitate the comparison of solu-

tions that make use of different subtrees in the REST. Despite their incremental cal-

culation, they should be global in nature and evaluate solutions based on a common

denominator.

6. The computation of the local functions should be cost effective.

5.5.1 Purity

The localpurity heuristic is a measure of the correct classification for a solution. Thus, given

a local solution(e, s−, s+, d−, d+), the first step is to calculate the number of positive and
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negative examples that it covers. For example, the local solution (A, 0, 2, 2, 4) in section 5.4.1

covers two positive examples and no negative ones, while(A, 0, 3, 2, 4) covers two positive

and one negative example. The way in which these numbers are calculated is by looking at the

example lists in each node covered by a local solution. Assuming thatMi is the set of nodes

covered by theith solution andPj, nj, the set of positive and number of negative examples

covered by thejth node inMi, the number of covered positive and negative examples is:

pi = |
⋃

j

Pj |, ni =
∑

j

nj,

where
⋃

j Pj should not contain duplicates. Given the number of covered examples, and the

total number of positive (p) and of negative (n) examples, a function of the following form is

required, which measures the classification accuracy of thesolution:

accuracy(pi, ni, p, n) : N4 → [0..1]. (5.7)

This type of function has been the subject of substantial research in machine learning,

resulting in numerous alternative metrics. There have alsobeen comparative studies of the

commonly used heuristics. In one of these studies [63], it isargued that the choice of heuristic

does not make much difference in the overall performance of the system, since they all guide

the search in a similar manner, namely they reward the correct classification of examples. This

is not the case here, because of the different treatment of positive and negative examples.

A popular measure of classification accuracy is based on the minimisation of information

entropy in the classification task. The argument for this heuristic is as follows (from [82]):

1. If there is no model describing the training data, the information content of the sample

can be calculated using entropy:

E0(p, n) = −(
p

p + n
log

p

p + n
+

n

p + n
log

n

p + n
). (5.8)

2. With the introduction of a classification model, the entropy of the problem should

decrease. The achieved gain is given bygain= E0−Ei, whereEi the new entropy for
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each local solution. In the examined classification task,Ei is calculated as follows:

Ei(pi, ni, p, n) =

pi + ni

p + n
× Ecov(pi, ni) +

p + n− pi − ni

p + n
× Eexc(p− pi, n− ni) =

−(
pi

p + n
log

pi

pi + ni
+

ni

p + n
log

ni

pi + ni
)

− (
p− pi

p + n
log

p− pi

p + n− pi − ni
+

n− ni

p + n
log

n− ni

p + n− pi − ni
), (5.9)

whereEcov corresponds to the area of the instance space covered by the solution and

Eexc to the excluded area.

3. SinceE0 is constant, the goal is to minimiseEi. Thus the function of interest is:

gain(pi, ni, p, n) = 1−Ei. (5.10)

In the context of the event recognition task, thegain function has the following problems:

1. It is designed to maximise the discrimination between positive and negative exam-

ples and therefore rewards solutions that cover many negative examples and exclude

many positive. Figure 5.6 illustrates the behaviour of thegain function, under the

assumption thatp = n, i.e., there are as many positive as negative examples. The

problem is shown by the symmetry of the plot: maximum reward is given when all

positives are covered and all negatives are excluded or viceversa.

2. It is biased towards the majority class. If the examples are not equally distributed

between the two classes, the class which corresponds to the majority will have a

larger impact on the heuristic. Figure 5.7 illustrates thispoint. It depicts a situation

where there are many more negative than positive examples. Clearly, changes to

the number of covered positive examples have very little effect on the purity of the

solution. This problem is known and variants of the heuristic have been developed

that address it (see [85]). These variants are not examined here, because they are

more complex and less intuitive than the simple entropy heuristic.

3. The entropy calculations are computationally expensive, due to the logarithmic com-

ponents of the function.

4. The non-linearity of the function makes its combination with the proximity heuristic

difficult. A similar type of proximity function is needed to provide a sensible fitness

heuristic.
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For these reasons the entropy-based purity heuristic was rejected. The decisive factor was the

last of its properties as listed above. The problems become more apparent in section 5.5.2,

where the proximity heuristic is examined.

An alternative linear function which has a similar behaviour is the simple classification

ratio, as defined in (5.11).

ratio(pi, ni, p, n) =
pi + n− ni

p + n
. (5.11)

This heuristic also appears in the machine learning literature, e.g. [50], but it is less popular

due to its lack of theoretical justification. It can be seen asthe quantitative expression of the

intuitive goal to “maximise correct classification.” It overcomes most of the practical problems

that were expressed above for the entropy-based heuristic,but still suffers from a bias for the

majority class. Figures 5.8 and 5.9 illustrate the behaviour of the heuristic, under the two

situations examined above. The tilt of the hyper-plane, observed in Fig. 5.9 shows the effect of

an unbalanced split of the examples.

Function (5.11) can be modified to remove the bias for the majority class:3

sratio(pi, ni, p, n) = 0.5 ×
pi

p
+ 0.5×

n− ni

n
. (5.12)

The following equation shows the relation of thesratio with theratio function:

ratio(pi, ni, p, n) =
pi + n− ni

p + n

=
p

p + n
×

pi

p
+

n

p + n
×

n− ni

n
.

The highlighted parts of the above transformation show how the ratio function weighs the

positive and negative classification ratios of thesratio function, according to the initial bias in

the training set. Figures 5.10 and 5.11 illustrate how thesratio measure remains unaffected

by the relative size of the positive and negative classes in the original data set. However, this

choice is also not without problems. Imagine, for instance,the situation where the examined

REST contains100 positive and just1 negative example. The coverage of the single negative

example will be given the same importance as the coverage of the100 positive ones. A solution

which covers all positive and the negative example, will have a purity of:

sratio(100, 1, 100, 1) = 0.5

3sratiostands for scaled ratio.
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and a solution which covers a single positive, but excludes the negative will have a higher

purity:

sratio(1, 0, 100, 1) = 0.51.

The conclusion of the above discussion is that the choice of an appropriatepurity function

remains an open question. What differentiates this problemfrom standard approaches in em-

pirical learning is the different status of positive and negative examples. A negative example

can be excluded in a number of different ways, i.e., by pruning the negative sequence at one

of the possible pruning points, while a positive one will only be covered if it satisfies all of

the constraints. In conjunction with the expected large number of negative examples, this ob-

servation suggests that positive examples are more important than negative ones. However, it

is difficult to quantify this phenomenon and capture it in an appropriatepurity function. An

alternative approach to the modification of thepurity function is to identify the “important”

negative examples and ignore the others. This idea is implemented by ignoring the negative

examples, which:

• do not satisfy the originalPPS parameter ranges and

• do not interfere with positive examples, i.e., they lie outside the hyper-rectangular

area coveringall positive examples.

This filtering of negative examples aims to balance the treatment of positive and negative ex-

amples. If this is achieved,ratio andsratio will behave similarly.

Moreover, in some cases, it may be desirable to bias the search towards one of the classes.

This could happen for example in a life-critical decision task, such as a medical one, where

the correct classification of positive cases is more important than that of negative ones. This

is clearly an application-dependent issue and can be addressed by a user-defined parameter,

which is used as a relative weight for the two classes. This parameter will be referred to as

positive-to-negative weightand symbolised byβ ∈ [0..1]. The augmentedratio and sratio

functions, incorporating this feature are shown below.

ratio(pi, ni, p, n) =
βpi + (1− β)(n − ni)

βp + (1− β)n
. (5.13)

sratio(pi, ni, p, n) = β
pi

p
+ (1− β)

n − ni

n
. (5.14)

So, the higher the value specified forβ, the more important positive examples become in the

evaluation of the solution.
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(ni)
(pi)

p = n = 10

Figure 5.6: Gain ratio, balanced.

(ni)
(pi)

p = 10, n = 100

Figure 5.7: Gain ratio, unbalanced.

(ni)
(pi)

p = n = 10

Figure 5.8: Simple classification ratio,
balanced.

(ni)
(pi)

p = 10, n = 100

Figure 5.9: Simple classification ratio, un-
balanced.

(ni)
(pi)

p = n = 10

Figure 5.10: Scaled classification ratio,
balanced.

(ni)
(pi)

p = 10, n = 100

Figure 5.11: Scaled classification ratio, un-
balanced.
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The Purity function. The definition of thePurity function, which is used for the evaluation

of sets of local solutions, i.e., partial and complete solutions, is effectively the same as for local

ones. Since it evaluates a conjunction of conditions, i.e.,the individual local solutions, the

number of examples covered at the lowest level of the REST, corresponds to the coverage of

the whole solution. For example, the complete solution:

(B, ?, ?, 1, 4) ∧ (A, 0, 2, 2, 4)

in Fig. 5.5, has the same coverage as its member local solution: (A, 0, 2, 2, 4) at the level of the

of the subeventA, i.e., two positive and no negative examples. Therefore itsPurity is equal to

1. ThePurity function is defined as follows:

Purity(S) = purity((s−n , s+
n , d−n , d+

n )) (5.15)

whereS is the partial or complete solution and(s−n , s+
n , d−n , d+

n ), thenth of then local solutions

in S, i.e., the lowest-level one.

5.5.2 Proximity

Proximity is a measure of “closeness” of the parameter ranges in a solution to the original

settings. Thus, it should reach a maximum if the solution does not cause any changes to the

model and it should decrease as the required change increases. The localproximity receives as

input two pairs of ranges and needs to calculate their proximity to the original ranges at that

level of the REST. For example, the proposed parameters for eventA, by the solution in Fig.

5.5 are[0..2] for distance and[2..4] for duration, which need to be compared with the original

settings[0..3] and[2..4]. The globalProximitymeasure compares a set of such pairs with the

equivalent set of original settings.

According to the criteria listed at the beginning of section5.5, the proximity measure ought

to take a form that allows it to be combined with the purity function. Therefore it is desirable

to choose a linear function which takes values in the range[0..1]. A marginal change in one of

the two heuristics will then be comparable to a marginal change in the other.

Assuming that the generated local solution is(e, s−, s+, d−, d+) and the corresponding

original parameters for subevente in the model are(e, s−0 , s+
0 , d−0 , d+

0 ), the local proximity

heuristic should:
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• measure the displacement of[s−..s+], with respect to[s−0 ..s+
0 ],

• measure the displacement of[d−..d+], with respect to[d−0 ..d+
0 ],

• combine the two measurements and

• scale the result to be in the range[0..1].

A simple measure of the displacement of one range from the other is the sum of the differences

between their limits:

disp(s−, s+, s−0 , s+
0 ) = |s− − s−0 |+ |s

+ − s+
0 |.

disp(d−, d+, d−0 , d+
0 ) = |d− − d−0 |+ |d

+ − d+
0 |.

This corresponds to the city-block dissimilarity measure on two dimensions. There are many

similar measures that could be used instead, e.g. Euclideandistance. The city-block is chosen

due to its simplicity.

The two measurements can be combined by summation, but the difficulty is in choosing a

sensible scaling factor that will produce the desired[0..1] output. The solution adopted here is

to use the parameter windows to calculate a maximum displacement for each parameter range.

For example, if the window for the distance parameter is[s−w ..s+
w ], the maximum displacement

is:

max-disp(s−0 , s+
0 , s−w , s+

w) = max((s−0 + s+
0 − 2s−w), (2s+

w − s−0 − s+
0 )).

One problem which can arise with this approach is that the maximum possible displacement

is too large, causing the calculation of very small relativedisplacement for most solutions. An

alternative approach is to use the maximum and minimum positive points in the data set. The

simplifying assumption is made here that the two approachesprovide similar results, i.e., the

parameter windows are good indicators of the range of possible values for the parameter.

Combining the above ideas, the followingproximitymeasure is defined:

proximity1(s
−, s+, d−, d+) =

1−
disp(s−, s+, s−0 , s+

0 ) + disp(d−, d+, d−0 , d+
0 )

max-disp(s−0 , s+
0 , s−w , s+

w) + max-disp(d−0 , d+
0 , d−w , d+

w)
. (5.16)

Clearly the measure is linear and takes values in the range[0..1], as required. It reaches the

maximum value1 when the displacement on both axes is at the minimum, i.e., the original

ranges remain unaltered. One assumption which underlies the measure is that the marginal
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displacement on the duration axis has the same weight as thaton distance. An alternative

approach would be to scale the time-unit in inverse proportion to the maximum displacement

on each of the two parameters:

proximity2(s
−, s+, d−, d+) =

1− 0.5 × (
disp(s−, s+, s−0 , s+

0 )

max-disp(s−0 , s+
0 , s−w , s+

w)
+

disp(d−, d+, d−0 , d+
0 )

max-disp(d−0 , d+
0 , d−w , d+

w)
). (5.17)

The relation between the two functions is similar to the relation of ratio andsratio for purity.

However, there is no intuitive reason for tolerating largerchanges on the dimension with the

larger maximum displacement. On this basis, the former heuristic is preferred.

The Proximity function. The globalProximity of a partial or a complete solution can be

defined as the averageproximity over its component local solutions. The implicit assumption

is that the position of a subevent in the event definition doesnot affect its weight, i.e., changes

in the parameters ofB are as important as changes in the parameters ofA. Under this assump-

tion, the definition ofproximity introduced in (5.16) can be extended to the set of parameters

examined in a partial or a complete solution:

Proximity(S) =

1−

∑n
i=1(disp(s−i , s+

i , s−i0, s
+
i0) + disp(d−i , d+

i , d−i0, d
+
i0))

∑n
i=1(max-disp(s−i0, s

+
i0, s

−
iw, s+

iw) + max-disp(d−i0, d
+
i0, d

−
iw, d+

iw))
, (5.18)

whereS is a set ofn local solutions. The assumption of uniform treatment of unit changes is

extended here to the complete set of parameters.

Alternative proximity measures

A number of alternative measures to the displacement ratio have been considered as candidates

for the proximity measure. A common criticism for these alternatives is that they are more

complex than the displacement ratio.

Overlap ratio. This metric is an attempt to measure the part of the search space covered in

common by the original and the new parameters. Clearly, the higher this overlap, the closer the

new parameters are to the old ones. Two variants of this approach have been considered, that

are listed below.

1. One-dimensional overlap, i.e., individual treatment ofthe overlap on each dimension.
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2. Two-dimensional overlap, i.e., the overlap of the rectangles corresponding to the pa-

rameter quadruples. In effect this is the product of the one-dimensional duration and

distance overlap.

Both these measures can be scaled between0 and1 with the use of the maximum overlap,

which is simply the original range or rectangle. Figure 5.12(a) illustrates schematically the two

measures. In two dimensions, the overlap is the shaded rectangular area. Its one-dimensional

variant is shown as the projection of this area on the two axes. One problem with the overlap

measures is that they provide no way of measuring the distance between two non-overlapping

regions. Moreover, they differentiate between expansion and retraction of the original param-

eter ranges. For example, any range that covers completely the original one has maximum

overlap with it.

Distance of centroids. This measure is inspired by the common geometric method for mea-

suring distances between objects. It involves the calculation of the Euclidean distance between

the centroids of the two objects. Figure 5.12(b) illustrates how this measure works. In two

dimensions, the distance is shown as the line connecting thecentroids of the two rectangles.

Its one-dimensional variant is shown as the projection of the two-dimensional distance on the

two axes. For similar reasons to the overlap metrics, this measure does not provide an adequate

solution to the problem. It is possible for example, that thenew and the old parameter ranges

share the same centroid, without being identical.

0

dA

2

4

sAB

1
32

3

1

(a) Overlap of ranges.

0

dA

2

4

sAB

1
32

3

1

(b) Distance of centroids.

Figure 5.12: Alternative proximity measures.
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5.5.3 Combining purity and proximity

In the two previous sections simple model-based and data-based heuristics were introduced,

which evaluate the quality of a solution. In order to construct a measure for the overall fitness

of the solution, the two heuristics need to be combined in a meaningful way. Two approaches

for the combination ofPurity andProximity were considered: the weighted average and the

product of the two measures:

f1(S) = γPurity(S) + (1− γ)Proximity(S) (5.19)

f2(S) = Purity(S)× Proximity(S) (5.20)

The parameterγ is application-dependent and it is meant to be a measure of the quality of the

data, relative to the confidence of the expert in the originalmodel. It takes values in[0..1] and

it is equal to0.5 when the data and the model ought to be given the same weight. In the case of

noisy data, it should take values below0.5, while in the case of high uncertainty in the original

parameter settings,γ should be above0.5.

The multiplicative approach has the property of favouring solutions that have a moderate

Proximity andPurity value, in comparison to solutions which do very well in one ofthe two

heuristics. As an example, consider a solutionS1, evaluated as follows:

Purity(S1) = 0.6 & Proximity(S1) = 0.4

and a second oneS2, for which:

Purity(S2) = 1.0 & Proximity(S2) = 0.2.

The combined fitness value will be:

f2(S1) = 0.24 & f2(S2) = 0.2

andS1 will be chosen, although it does not do very well according toeither of the two heuris-

tics. An additional property of this approach is that it cannot discriminate between solutions

for which Proximity= 0 or Purity= 0.

The weighted summation, on the other hand, provides a linearcombination of the two

heuristics, which gives more intuitive results. In the above example, assuming thatγ = 0.5 it
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would give:

f1(S1) = 0.5 & f1(S2) = 0.6

leading toS2 being preferred overS1.

5.6 Refining repeating events

The main focus of this chapter has been on the refinement of temporal constraints in conjunctive

event definitions. Disjunctive definitions and repeating events have so far been ignored. This

section diverges from the main route to examine other event types. In particular, a restricted

solution to the refinement of temporal constraints in repeating event definitions is presented.

The solution is limited by a number of simplifying assumptions, aiming to reduce the size of

the search space. Disjunctive events, on the other hand, canbe dealt with naturally by the

proposed method, treating each of the alternative terminalsubevents individually and creating

a separate REST for each.

5.6.1 Search space for repeating events

The definition of repeating events contains three pairs of numeric parameters: the range of

legal durations for the supporting event, the range of legaldistances between repetitions and

the range which restricts the number of repetitions. The last of the three numeric ranges is

non-temporal and will not be dealt with here. Thus, the first assumption is that the minimum

and maximum number of repetitions is fixed manually.

Despite the small number of refinable parameters in the definition of a repeating event,

the representation of example subevent sequences with the use of Event Support Trees (ESTs)

has a high combinatorial complexity. For example, assume that eventA∗ is defined as2 to 4

repetitions of eventA:

A× [2..4]→ A∗.

Assume also that the following sequence appears in the inputdata:

A(0, 2), A(3, 4), A(6, 7), A(8, 9).
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Even in this simple case, there are11 different sequences which could lead to the recognition of

A∗. These are represented by the three ESTs in Fig. 5.13, of size: 2, 4 and8 nodes respectively.

In general, given a sequence ofn occurrences ofA and the range of repetitions[n−..n+], the

number of example subevent sequences forA∗ is given by:

n+
∑

i=n−

(

n

i

)

,

which corresponds to the number of unordered subsets of sizen− to n+ of the set ofA occur-

rences.4

A

A

6,7

0,2

EST2(A*) EST3(A*)

3,4

0,2

EST1(A*)

0,2 3,4

A 6,7

0,2

0,2 3,4

3,4

0,2

0,2

8,9A

Figure 5.13: ESTs for an example of a repeating event. The first two ESTs are temporally
subsumed by the third. Note that each branch of length> n− = 2 corresponds to more than
one example ofA∗.

The following are some interesting properties of the ESTs inFig. 5.13:

1. They do not have a uniform depth. All levels of the EST correspond to the single

supporter,A, of the repeating event,A∗. The length of different branches varies,

as the number of repetitions ofA required for the recognition ofA∗ is not a single

number, but a range.

2. The first EST is a subtree of the second, which is in turn a subtree of the large

one. Thus, the occurrences ofA∗ corresponding to the first two trees, i.e.,A∗(0, 4),

A∗(0, 7) andA∗(3, 7), are temporally subsumed by the occurrences in the last tree.

Nevertheless, the large tree does not represent these occurrences, since it usesA(8, 9)

as the terminal subevent occurrence.
4This result is obtained under the assumption that no parameter windows are used.
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3. Some of the branches correspond to multiple occurrences of A∗, e.g.A∗(6, 9), A∗(3, 9)

andA∗(0, 9) are all represented by the rightmost branch of the third EST.These oc-

currences differ only in their begin time point.

4. There are only6 occurrences ofA∗, covering all of the11 sequences ofA. Moreover,

all of these occurrences are subsumed by the longest one:A∗(0, 9).

The relative event support tree (REST), which summarises the three ESTs is shown in Fig.

5.14. Due to its direct correspondence to the underlying ESTs, the REST inherits all of the

above properties.

A

A

A

?,1A

1,1 1,2 2,1 4,1 4,2 6,2

1,22,1

1,2

4,2 1,2

Figure 5.14: REST for a repeating event. Each branch of this REST corresponds to an EST
branch in Fig. 5.13, e.g.{(?, 1), (1, 2)} corresponds to{(3, 4), (0, 2)}.

It becomes clear from the above discussion that the examplesof repeating events and their

RESTs require a different treatment from that of conjunctive events. For example, ifA∗(0, 9)

is labelled positive, all of the5 other potential occurrences ofA∗ will need to be treated as pos-

itive, because they are subsumed byA∗(0, 9). On the other hand, a negative example sequence

may subsume a positive one, e.g.A∗(0, 9) may be negative, butA∗(0, 7) positive. The is-

sues of sequence subsumption and variable branch length areaddressed in section 5.6.3, which

describes the required pre-processing of RESTs for repeating events.

5.6.2 Simplifying assumptions

In order to reduce the size of the RESTs and the search space for new parameter settings, a

number of simplifying assumptions regarding the use of repeating events need to be made.
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Unbroken sequences. One assumption which seems natural and reduces significantly the

size of the RESTs is that the sequences of repetitions which are considered in the construc-

tion of the RESTs are unbroken, i.e., no subevent occurrencecan be skipped. In the working

example this means that:

1. the number of possible examples forA∗ is reduced to the6 distinct sequences and

2. each of the three ESTs has a branching factor of1, as seen in Fig. 5.15.

This assumption leads to problems if an occurrence ofA∗ overlaps with one of another event

which is also supported byA, or when noisy occurrences ofA are recognised. In those cases

the inability to ignore the interfering occurrences ofA may result in the over-generalisation of

distance and duration ranges.

A

A

6,7

0,2

EST2(A*) EST3(A*)

3,4

0,2

EST1(A*)

3,4

A 6,7

0,2

3,4

8,9A ?,1

1,1 1,2 2,1

1,22,1

1,2

REST(A*)

Figure 5.15: Reduced ESTs and REST for a repeating event.

Number of repetitions. The minimum and maximum number of repetitions are assumed

non-refinable, as mentioned above. Moreover, the semanticsof the maximum of the range

need to be modified with respect to chapter 3. The maximum number of repetitions is used as

a limiting, rather than a rejecting condition, i.e., sequences of a larger number of repetitions

than the upper limit are not generated at all. In the working example above, sequences of5

occurrences ofA or more are not generated. However, all of their subsequences of length

≥ 2 are examined. For example, assume that the fifth occurrence of A in the input data is

A(11, 12). The occurrenceA∗(0, 12) will not be generated, but all of the ones it subsumes

will be, including A∗(8, 12), A∗(6, 12) andA∗(3, 12). In contrast, the maximum number of
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repetitions in chapter 3 was used to reject occurrences ofA∗. Therefore ifall five occurrences

of A satisfied the temporal constraints in the definition of eventA∗, none of the above subse-

quences ofA∗(0, 12) would be considered. The modified treatment of the repetition bound in

refinement is necessary, because the real duration and distance ranges are not known a priori,

and therefore it is not known whether a sequence of fiveA occurrences is a legal one. If, in

the above example, the duration ofA is constrained to be< 2, thenA(0, 2) will not satisfy it

and the occurrencesA∗(8, 12), A∗(6, 12) andA∗(3, 12) will become legal. Proper treatment

according to the original semantics of chapter 3, requires the use of the maximum number of

repetitions as an alternative to the specialisation of the temporal ranges for the exclusion of

example sequences. This introduces an additional degree offreedom to the search, which is of

different nature from the temporal parameters.

Extended proximity bias. This last assumption states that when an example sequence is

subsumed by another and both of them satisfy the original duration and distance ranges, the

subsumed one is ignored. It aims to reduce the number of subsumed positive sequences, which

are generated as separate occurrences ofA∗.

5.6.3 Building and pre-processing the relative event support tree.

The construction of the REST for a repeating event is very similar to that for a conjunctive one:

the terminal event is first placed at the root level of the treeand then the subtrees are updated by

recursively moving backwards through the repeating sequence. The following are some minor

differences:

• Unbroken sequences: when looking for preceding occurrences in the history of the

subevent, only the most recent one can be used. For example, when looking for

occurrences that precedeA(8, 9) there is only one option:A(6, 7).

• Maximum and minimum branch length. These are imposed by the upper and lower

bounds in the number of repetitions.

• Positive examples subsumed by negative. A REST node which contains only positive

examples may have negative children.

• Storage of negative examples. The labels of negative examples need to be stored, as
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already done for the positive ones. This is needed in order toestablish the subsump-

tion of examples as explained below.

The new element in the refinement of repeating events is the pre-processing of the REST,

which precedes the search for new parameter settings. This new process deals with the pecu-

liarities of repeating events, described in section 5.6.1.In order to explain how this is achieved,

assume thatA∗(3, 9) should be recognised from the sequence ofA occurrences in the work-

ing example. Figure 5.16 augments the REST in Fig. 5.15 with the corresponding example

information.

A

A

A

A ?,1

1,1 1,2

2,1

1,2

[{3},{1,2}]

[{3},{}]

[{3},{}]

[{},{3}]

[{},{1}] 2,1

1,2

[{},{2}]

[{},{2}]

Figure 5.16: The REST for a repeating event, including positive and negative examples. The
first set of numbers in braces are the positive and the second the negative examples, covered by
each node.

The first important difference between repeating and conjunctive events is the temporal

subsumption of example sequences. There are four possible types of this phenomenon:

1. Positive examples subsuming negative ones. This situation occurs when events in the

middle of a positive sequence are used as terminal ones. Thiscan be seen in the first

two examples,1 and2, of A∗ in Fig. 5.16. These negative examples must not be

excluded, because the positive example subsuming them willbe excluded, too. Thus,

they should be ignored.

2. Negative examples subsuming positive ones. This situation occurs when the ear-

lier events in a sequence are not part of the repeating event.This is the case with

occurrenceA(0, 2) in the working example. The positive and negative parts of the

sequence need to be treated separately, i.e., the negative example should be excluded
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in a way that does not exclude the positive.

3. Negative examples subsuming negative ones. This happensin every non-positive

sequence which is longer than the minimum number of repetitions. In this case, the

shortest sequence is the most important one, since its exclusion implies the exclusion

of all the ones which subsume it. At first, example2 for A∗, i.e., the rightmost branch

of the REST in Fig. 5.16, seems to provide an example of this case, but the subsumed

negative event turns out to be subsumed also by the positive sequence and should

therefore be ignored.

4. Positive events subsuming positive ones. This happens, when the feedback data do

not specify the start point of the repeating event, e.g.A∗(?, 9). In this case the shortest

positive example, i.e.,A∗(6, 9), needs to be covered, but the longer alternatives, i.e.,

A∗(3, 9) andA∗(0, 9), do not need to be excluded.

Figure 5.17 illustrates the effect of this first stage of pre-processing on the REST of Fig. 5.16.5

The negative examples which are subsumed by positive ones are relabelled by the correspond-

ing positive label. This applies, for example, toA∗(3, 7), REST branch{(?, 1), (2, 1)}, which

is subsumed byA∗(3, 9), REST branch{(?, 1), (1, 1), (2, 1)}.

A

A

A

A ?,1

1,1 1,2

2,1

1,2

[{3}, {} ]

[{3},{}]

[{3},{}]

[{},{3}]

[{},{1}] 2,1

1,2

[{3},{} ]

[{},{2}]

Figure 5.17: The REST without the subsumed examples. Note the relabelling of subsumed
negative examples1 and2. The sets of examples that have changed are highlighted.

In the second stage of the pre-processing, the REST of a repeating event collapses to a

single-level, “dummy” REST. This is possible, because there are only two pairs of temporal

5One technical problem which needs to be noted is that the RESTitself does not contain enough information to
determine all types of sequence subsumption. The historiesof event occurrences need to be consulted.
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parameters in the definition of a repeating event, i.e., the same duration and distance ranges

apply to all levels of the REST. Thus, all of the examples in the REST can be represented

by sets of points in the two-dimensional distance/durationspace. Figure 5.18 illustrates the

effect of this process on the REST of Fig. 5.17. In order to cover an example, the rectangle

that covers all points in the corresponding set needs to be covered. In Fig. 5.17, the positive

example, requires that the duration ofA is dA ∈ [1..1] and the distance,sAA ∈ [1..2], covering

the distance and duration values in the REST branch{(?, 1), (1, 1), (2, 1)}. The three negative

examples are all mapped to the same point in the space, i.e.,dA = 2 ∧ sAA = 1, because they

correspond to the same occurrence ofA, i.e.,A(0, 2). Consequently, the goal of the search for

the new parameter settings, in terms of purity, is to cover the positive sets of points and exclude

at least one point from each of the negative sets. By excluding one point from each negative set,

the corresponding negative rectangle cannot be covered andtherefore the example is excluded.

In this case, the negative examples are single-point ones and the obvious solution is to exclude

occurrences ofA, with durationdA > 1.

0

dA

2

sAA

1

32

3

1

+(3) +(3)

- (1,2,3)

Figure 5.18: The two-dimensional representa-
tion of the REST of a repeating event. One
positive example is mapped to the rectan-
gle (1, 2, 1, 1) and three negative examples
are all mapped to the same single-point area
(1, 1, 2, 2).

0

dA

2

sAA

1

32

3

1
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- (1,2,3)

(4)(4)

Figure 5.19: The search space for the re-
peating event, including an imaginary single-
repetition example of duration1.

The treatment of examples as sets of points, rather than single ones is the only difference of

this representation to the 2-dimensional space used in the local search for conjunctive events,

see section 5.4.1. Thus, at the end of the second stage of the pre-processing, the refinement of

the temporal parameters of a repeating event definition reduces to a variant of the local search

for conjunctive events. A technical problem in the collapseof the REST to a dummy one
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appears when the minimum number of repetitions is1. In that case, a single occurrence of the

eventA may constitute an example forA∗. Since this occurrence will not be preceded, there

is no distance information available. Such an example can berepresented in the 2-dimensional

distance/duration space by a set ofalternativesingle-point examples along the distance axis.6

Figure 5.19 illustrates this for an imaginary example with durationd = 1. In order to cover

this example, one of the alternative points needs to be covered. In order to exclude it, the

corresponding duration value needs to be excluded.

5.6.4 Refining the temporal parameters

The basic search algorithm for new parameters in a repeatingevent definition is similar to the

local search for conjunctive events. Their only differencestems from the fact that the examples

are no longer points, but rectangles in the distance/duration space. Only a minor modification

to LRAloc is needed to handle this difference. When LRAloc generates the candidate local

solutions on one of the two dimensions, e.g. distance, it performs an almost exhaustive enu-

meration of the possible ranges on that axis, discarding some uninteresting ones as explained

in section 5.4.1. This exhaustive enumeration is done in twostages:

1. Set the low range boundr− to the parameter value for the next positive example.

2. Generate all useful ranges, with this low bound.

This process is performed for all parameter values which canserve as low range bounds. For

repeating events, the low bound is set according to the low bounds of the positive examples,

which are now themselves ranges. Once the low bound is set, all examples with a lower low

bound are ignored and the upper bounds of the remaining examples are used to construct the

candidate ranges.

For example, in Fig. 5.18 the first low bound forsAA is s−AA = 1. Once this is set, only the

upper bounds of the examples are considered. In this case, there is just one positive example,

the upper bound of which is2. Therefore, the upper bound of the only local solution is setto

s+
AA = 2. Similarly, if example4 is positive in Fig. 5.19, the first lower bound iss−AA = 1 and

there are two possible upper bounds:s+
AA = 1 ands+

AA = 2, generating two local solutions.

Then the low bound is set tos−AA = 2 and there is only one upper bound,s+
AA = 2, to be

considered.
6Note that the number of these single-point examples is determined by the number of all possible distance values

in the REST.
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This procedure ignores the effect of the original parameterrange, which is the same as

for conjunctive events, i.e., candidate ranges which do notcover additional positive examples

and may cover some negative ones are generated, because their limits are close to the original

range. The evaluation of the generated candidate solutionsis also identical to that in con-

junctive events. For each solution which is generated, the number of positive and negative

examples that are covered determine its purity, while its proximity score is calculated with the

same proximity function. The two are combined, as usual, to provide the candidate’s overall

fitness.

5.7 Summary and critique

In this chapter, the task of providing order-independent and noise-tolerant refinement of the

temporal constraints of a TCN model has been examined. Firstthe concept of aRelative Event

Support Tree, used to store information about the observed examples, waspresented. A REST

encodes the set of training examples for an event in a tree structure which captures the relational

dependence between the subevents of each example sequence.Then a refinement algorithm

was presented, which uses the REST to perform a greedy heuristic search for good parame-

ter settings. The quality of each generated solution is evaluated in terms of its classification

performance on the observed examples and its proximity to the original model. The desirable

properties of the heuristic functions have been examined and two simple functions were cho-

sen and combined into a global fitness heuristic. The final section of this chapter examined the

memory structure for repeating events. The REST for this type of event differs significantly

from conjunctive events, but it can be pre-processed and collapsed into a single-level REST, on

which the local refinement algorithm can be applied.

A potential problem with the REST memory structure is that itcan get quite large, through

the duplication of nodes at the lower levels of the tree. The source of this problem is the

incomplete description of the training set. Each positive or negative example may correspond

to more than one subevent sequence. An EST – and its extended version, the REST – stores

the complete set of possibilities in a tree. One way to limit the amount of node duplication is

to replace the tree with a graph. As discussed in chapter 4, anEST is equivalent to an event

support network (ESN). The ESN avoids the duplication of nodes, by representing each event

occurrence in the EST by a single node. Similarly, one could use a Relative ESN (RESN),
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instead of the REST, in order to accumulate information overtime. The RESN would avoid

the duplication of(distance,duration) pairs found in a REST. However, the use of a

graph, rather than a tree, memory structure complicates thedesign of the search algorithm for

refinement. For example, each child of a node in the RESN does not necessarily cover a subset

of the examples covered by its parent, since it is allowed to have more than one parents. This

violates one of the main assumptions made by the LRAloc algorithm.

Another important problem is the brittleness of the refinement algorithm. If the algorithm

makes the wrong choice near the root of the tree, it is unlikely to find the correct solution,

although it stores all the candidate solutions at each level. The source of this problem is the

heuristic fitness function which favours longer, i.e., morecomplete solutions. In fact, thePurity

of a partial solution never decreases with the addition of a local solution andProximitywill only

decrease if a parameter range far from the original range is chosen.

This problem occurs, for example, in the search performed onthe REST of Fig. 5.5. At the

B level, two local solutions are generated:

q1 = (B, ?, ?, 1, 2) & q2 = (B, ?, ?, 1, 4).

The purity of the two solutions is:

purity(q1) = 0.75 & purity(q2) = 0.5

and, assuming that the parameter window for the duration ofB is [1..4], the proximity of the

solutions is:

proximity(q1) = 1.0 & proximity(q2) = 0.6.

Therefore,q1 is chosen, and since its only child does not cause any change to the parameters

for A, q2 is not examined any further. The chosen complete solution is:

PPSd(A) = [2..3] ∧ PPSd(B) = [1..2] ∧ PPSs(A,B) = [0..3]

This solution is not optimal in terms of classification performance, since it does not cover one

of the two positive sequences. Ifq2 was chosen instead both of the positive examples would be

covered, as explained in section 5.4.2. So the overall solution might have been a better one.

The brittleness of the search algorithm can be overcome by changing the fitness function

and/or changing the algorithm. The fitness function could bereplaced by one that decreases
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with the solution size. This would turn the search to an optimal branch-and-bound one, with

respect to the chosen fitness function. The cost to be paid is an increase in computational

complexity, which can be high for a realistic REST. Alternatively, the algorithm could be mod-

ified to examine all levels of the REST, before making a decision. In order to avoid a large

computational cost, this modification could be combined with the replacement of the best-first

algorithm with a hill-climbing one. The resulting algorithm would still perform a heuristic

search, but it would make more informed local choices. The advantages and disadvantages of

this alternative need to be examined further.

The computational performance of the local search algorithm could also be improved, by

a parametric estimation method. For example, one could assume a Gaussian distribution of

positive examples within each parameter range. The estimation of the mean and the variance

for this distribution can be done in linear rather than quadratic time, which is the complexity

of the LRAloc algorithm. The problem with this approach is that the choice of probability

distribution cannot be justified easily, especially when the size of the data set is small.

Finally, the method which was presented for the refinement ofrepeating event definitions

provides a restricted solution and could be improved in several ways:

• There may be more suitable memory structures than the REST for repeating events.

One problem with the REST is that it does not utilise the subsumption of repeating

event sequences. As a result the generated RESTs are unnecessarily large, with a

large number of duplicate nodes and subtrees.

• Some of the assumptions about the nature of repeating eventsmay be too strong for

some applications. Relaxing these assumptions, under the proposed memory and

search schemes, will result in a large increase in the computational and storage com-

plexity of the system.

The solution to the above two problems may be a completely different approach to the refine-

ment of repeating events.



Chapter 6

Refinement under partial supervision

The work presented so far has assumed that full supervision is provided
for refinement, i.e., training feedback for all of the eventsin the temporal
classification network. This assumption is not practical for large net-
works and is relaxed in this chapter. A refinement method is presented
which requires training feedback for only the output eventsin a temporal
classification network. This mode of refinement is termedpartial super-
vision. The effect of partial supervision is to increase the ambiguity in the
classification of events. This problem is tackled by a systemwhich main-
tains a set ofrecognition beliefsfor all of the event occurrences which
can be recognised in the stream of input data. A recognition belief is an
estimate of how likely it is for an event to have occurred. These beliefs
are initialised on the basis of the original model and updated using the
training feedback which is received for the output event occurrences. A
special feedback allocation procedure is used for belief updating. Finally,
the refinement of the model is done locally, using the same algorithm as
under full supervision.

6.1 Partial supervision

Refinement under full supervision, as was examined in chapter 5, requires training information

for each node of the temporal classification network (TCN). However, the representation of any

realistic event recognition model by a TCN is likely to result in a large network of considerable

depth. Under these circumstances, the provision of external training feedback for all the nodes

of the network is impractical, for the following reasons:

• Only a subset of the defined nodes will correspond to the events of interest. Training

information for the rest of the nodes may not be available.

• It is not always possible to represent all of the events in an event recognition model by

a simple logic operator and therefore a single TCN node. In more complex definitions

176
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it is impractical to provide training information for all subcomponents. For example,

assume that eventZ is a conjunction of two disjunctions, i.e.,

IF (A ∨B) ∧ (C ∨D) THEN Z,

The representation of this definition in a TCN would involve two artificial subevents

for the two disjuncts. It should not be necessary to provide external feedback for

these events.

• As the depth of the network increases, a large number of low-order event occur-

rences are expected to be recognised. Assume, for example, an eventA∗, defined as

a repetition ofA, which isnot an input event. It is expected that a large number of

occurrences ofA will be recognised and it is inconvenient to provide feedback for

each one.

• A related problem is that several of the recognised low-order event occurrences will

not be usable for the recognition of higher-order ones, but will also not be nega-

tive. In a noisy environment, the number of such event occurrences may be large. A

mechanism is needed for ignoring such occurrences.

Hence, it is desirable that the model can be refined on partialtraining information. This task

is termed refinement underpartial supervision.

Partially supervised refinement differs from unsupervisedlearning in that training infor-

mation is provided at least for those events for which there are no other means of acquiring

feedback, i.e., the output nodes of the TCN. Thus, the minimal requirement for supervised re-

finement of a TCN model is the provision of external feedback for the output nodes of the net-

work. Feedback for intermediate nodes is advantageous to the refinement process, but should

not be necessary under partial supervision. For the work presented in this chapter, the assump-

tion is made that classification information is only available for the output nodes. Under this

assumption, the main aim is to provide a method for allocating feedback to the intermediate

nodes, based on their participation in the recognition of output event occurrences. Thefeed-

back allocationmethod is combined with the refinement algorithm, presentedin chapter 5, to

provide a method of refinement under partial supervision.

This process is illustrated by the simple third-order TCN shown in Fig. 6.1. EventsA,B,C

andD are input andY is the only output event.W,X are intermediate events, for which no



CHAPTER 6. REFINEMENT UNDER PARTIAL SUPERVISION 178

training information is provided. Assume the following sequence of input event occurrences:

A(0, 2), B(3, 4), C(5, 7),D(8, 10),

which according to the original model leads to the recognition of X(5, 10) only. In other

words, the model parameters forW do not allow the recognition ofW (0, 4). If the feedback

for Y , does not requireY (0, 10) to be recognised, no change to the model is needed and the

recognisedX event is not used. But ifY (0, 10) should be recognised, then

• the model parameters forW should change to allow the recognition ofW (0, 4) and

• if Y (0, 10) is still not recognised, the model parameters forY need to be modified.

A B

W X

Y

C D

Figure 6.1: Partial supervision; a simple TCN.

Despite the oversimplification, the above example shows themain problem under partial

supervision, i.e., the need to deduce the correct classification for W (0, 4), on the basis of its

participation in the recognition of higher-order event occurrences. In a more realistic situation,

the task becomes more complex through:

• complex interactions between events. For example,W , might be a subevent of an-

other output eventZ, which possibly also provides feedback about the recognition of

W (0, 4). This may be contradictory to the feedback received fromY .

• noise in the data. The feedback received forY may be noisy and cause undesirable

changes to the models ofW andY .

• multiple solutions. There may be a choice between differentoccurrences ofW that

can cause the recognition ofY (0, 10).

• network of high order. EventW may be supported by non-input events, the recog-

nition of which is also uncertain and to which it needs to allocate the feedback it
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receives fromY .

All these factors increase the uncertainty in the classification of intermediate events and com-

plicate the task of feedback allocation.

6.2 Feedback allocation and heuristic refinement

Most machine learning and knowledge refinement methods are designed to operate under par-

tial supervision. The model to be learned, or refined, contains a number of hidden concepts, for

which no explicit input or output is provided in the trainingdata. In empirical learning tasks, no

initial model is provided and the classification model is learned from scratch. The complexity

of the model is constrained by specifying the language in which it is described, e.g. decision

tree, conjunctive normal form (CNF), multi-layer perceptron (MLP), etc. In knowledge refine-

ment, the model is provided and needs to be changed. In most cases, the training data contain

information for only a subset of the variables in the original model.

In symbolic machine learning there is no explicit representation of the hidden concepts

and therefore the distinction between full and partial supervision is not clear. The analogy to

neural network learning is more straightforward. The parallel of full supervision is learning a

simple perceptron classifier, i.e., a linear discrimination model. Partial supervision resembles

the task of learning a multi-layer perceptron (MLP), where no training information for the

values of the hidden nodes is provided. Feedback allocationin MLPs is performed by the error

back-propagation algorithm.

The learning task in MLPs differs in many respects from the problem examined in this

chapter. The goal of error back-propagation is to learn the relation strength between concepts

and their subconcepts. Thus, if each node in an MLP is used to represent an event, the weights

on the links show the dependence of each event on its subevents. In a TCN, this dependence

is provided by the initial model and it is considered to be fixed, i.e., non-refinable. Instead,

the aim of refinement in a TCN is the correct setting of the temporal parameters in the model.

The representation of temporal parameters in a distributedsystem like an MLP is an important

problem, as explained in chapter 2. A further difference between MLP learning and the TCN

refinement is the use of non-differentiable functions, i.e., the logic operators, in the nodes of a

TCN. Differentiable activation functions are necessary for the back-propagation algorithm.

In knowledge refinement, the hidden concepts are explicitlyspecified in the initial model
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and therefore the issue of feedback allocation becomes important. In some of these systems,

e.g. Expert Networks [49], the adopted approach to feedbackallocation is similar to that in

MLP learning and the same arguments mentioned above for MLPsapply. The most relevant

approaches to the problem examined here are those grouped under the category knowledge

base refinement in chapter 2. These are methods which evaluate the performance of the system

on the training set and use heuristics to determine which parts of the knowledge base need to

be changed. The method presented in this chapter belongs in this category, but it is designed

to suit the structure of the TCN and the temporal nature of theevent recognition task. Its most

important difference with the standard knowledge refinement methods is that the training data

are not provided as a set of separated examples, each associated with the desired classification.

Instead, the data appears in two parallel streams of event occurrences, one for the input and one

for the output nodes in the TCN. The refinement algorithm needs to construct the positive and

negative examples, establishing the mapping between eventoccurrences in the two streams.

6.3 Two-stage refinement

As was seen in the example of section 6.1, the main problem in refining a TCN model under

partial supervision is to decide which event occurrencesshould berecognised, using the limited

training feedback. This process is performed by the feedback allocation algorithm. However,

in order to allocate the feedback, the occurrences of intermediate, i.e., non-output, events which

could berecognised should be available.

For this reason, the refinement of a TCN under partial supervision consists of two stages:

forward belief initialisation, orclassification, and backwardfeedback allocation. In the first

stage all subevent occurrences that can possibly be recognised in the input data are recognised

and classified according to the original model. For this purpose an extended version of the

event recognition algorithm is used, in which:

• all event sequences that satisfy the structural requirements of an event definition cause

the recognition of the event, irrespective of whether the temporal constraints are sat-

isfied,

• the temporal constraints are used in the calculation of an initial recognition belieffor

the event occurrence, i.e., a confidence value on the recognition of the occurrence,

• all intermediate event occurrences, irrespective of theirrecognition belief can be used
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to recognise higher-order ones.

The sequence of the four input events in the example of section 6.1, would cause the recognition

of the following event occurrences:

A(0, 2)

B(3, 4)  −0.11 W (0, 4)

C(5, 7)

D(8, 10)  0.11 X(5, 10)  −0.11 Y (0, 10),

where occurrences on the RHS of b are recognised with an initialrecognition beliefb ∈

[−1..1]. If b > 0, the initial classification of the example is positive, otherwise it is negative.

The value ofb corresponds to the confidence in this classification. Section 6.6.2 explains how

this confidence is calculated.

In the feedback allocation stage, the feedback for the output event occurrences is used to:

• refine the parameters in the definition of the output events,

• allocate training feedback to the supporting subevent occurrences.

This process is carried out recursively for intermediate events, back to the input nodes of the

TCN. Thus, ifY (0, 10) ought to be recognised in the above example, it receives an explicit

feedback of1, meaning that it is a positive example ofY . This information is used to label the

example as positive and use it as such in the refinement of the temporal parameters in the defini-

tion of Y . Furthermore, it is used to allocate feedback to the supporting occurrences ofW and

X. In this case, bothW (0, 4) andX(5, 10) should receive positive feedback. Algorithm 6.1

provides an overview of the two-stage refinement algorithm under partial supervision (RAPS).

The following sections describe the individual algorithmsin detail, pseudocode descriptions of

which are given in appendix E.

6.4 Forward propagation of recognition beliefs

6.4.1 Causality in the relative event support trees

In order to allocate training feedback to the intermediate events in the TCN, it is necessary to

maintain information about the support for each event occurrence. For this purpose, the causal

dependencies between the event occurrences are stored in the RESTs of the corresponding

events. These dependencies can be represented as causal graphs the nodes of which correspond
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Input: the model; input event occurrence; training feedbacka; mode of operation; the rela-
tive event support trees (RESTs); the node histories.
Output: the refined model.
RAPS(model,event,feedback,mode):
Mode of operation A: classification

a. Recognise all event occurrences that can be recognised, ignoring the temporal
constraints.

b. Classify each event occurrence as positive or negative, according to whether it
satisfies the temporal parameters.

c. Assign a recognition belief to each event occurrence.
d. Update the RESTs and the node histories for each of the recognised events.

Mode of operation B: refinement
1. FOR EACH output event occurrenceDO:

a. Check the training data for this event occurrence. If it should be recog-
nised assign feedback1 to the corresponding example, otherwise assign
−1.

b. Refine the temporal constraints in the definition of the event, using the
REST for the event and the training feedback for each example.

c. Use the feedback and the model-based recognition beliefsto calculate
the feedback for each of the supporting subevent occurrences.b

2. FOR EACH intermediate event occurrence, that has received feedbackDO:c

a. Refine the temporal constraints for the event definition.
b. Calculate the feedback for each of the supporting subevent occurrences.

aThe training feedback includes all output events that should be recognised up to the current point in time.
bInput event occurrences are not assigned any feedback.
cIntermediate events are processed, according to the inverse partial support order, so that all events which

are supported by another are examined before it and may assign feedback to it.

Algorithm 6.1: Overview of the two-stage refinement process under partial supervision.

to the examples of events, i.e., event occurrences, and the links to the supporting relations

between them. Figure 6.2 presents the causal graph for the example of section 6.1. The label

of each node in the graph contains:

a. the signature of the event, e.gY ,

b. the unique example label, which is assigned to each non-input event occurrence when

it is recognised, e.g.3, and

c. the duration of the recognised event occurrence, e.g.10.

The duration of the event occurrence is needed for distinguishing between alternative begin

points for the same example. Due to the way in which event occurrences are recognised in a

TCN, each example label is associated uniquely with the terminal subevent occurrence and

therefore the end point of the recognised event. However, itmay correspond to more than one
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A / { -,2} B / { -,1}

W / {1,4} X / {2,5}

Y / {3,10}

C / { -,2} D / { -,2}

A(0,2) B(3,4) C(5,7) D(8,10)

W(0,4) X(5,10)

Y(0,10)

Figure 6.2: Simple causal support graph. Node format:signature/{example,duration}. In
order to distinguish between example labels and temporal parameters, the former are shown in
boldface.

begin point and, even for the same begin points, to more than one subevent sequence. In the

example used above, if another occurrence ofA, A(2, 3), was recognised, then examples1 of

W and3of Y would have two possible begin points:0 and2. If in addition a second occurrence

of C was recognised,C(7, 9), then example2 of X would also have two possible begin points:

5 and7. The output eventY could then be recognised with four different combinations of its

subevents, which pairwise have the same begin and end points:

W (0, 4),X(5, 10) & W (0, 4),X(7, 10),

W (2, 4),X(5, 10) & W (2, 4),X(7, 10).

In order to allocate the feedback correctly, intermediate event occurrences of different duration

which are assigned the same example label, should be identifiable, because they are treated

differently by the supported event. Thus, ifY (0, 10) receives positive feedback andY (2, 10)

negative, the first of the above pairs ofW andX event occurrences should be allocated positive

and the second negative feedback.

In order to decide on the feedback to be allocated to subeventoccurrences, the causal sup-

port information of the graph in Fig. 6.2 is stored in the REST. Each example in the example list

at each REST node holds now information about the supportingsubevent occurrence. Under

full supervision, the examples of events are separated intopositive and negative and stored into

different example lists in the REST nodes. Under partial supervision, the correct classification
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of each example is not known. Therefore, a single list of examples is maintained at each node.

Each element of this list is a tuple, containing:

a. the example label,

b. an example weight, which is assigned to each example in thefeedback allocation

stage and indicates whether the example is positive or negative according to the feed-

back data,

c. the subevent example label.

Figure 6.3 shows the RESTs for the three non-input events in the example above. The exam-

ple list in the leftmost node of REST(Y ), at the level of subeventW , contains the example

(3,−1.0,1), which is part of example3 for Y , has a weight of−1.0, meaning that it is defi-

nitely negative, and is supported by example1 of W . Note that the duration of the supporting

subevent example is given by the duration of the node, in thiscase2. Looking at REST(W ) it

can be seen that the example with duration2 corresponds to the left branch of the REST, con-

sisting of anA occurrence of duration1 and aB of the same duration. The distance between

the two event occurrences is0. The examples in REST(W ) and REST(X), do not specify the

supporting example label, because their subevents are input events.

The calculation of the example weights is explained in section 6.6.3. The weights are

needed for the calculation of purity in the refinement of the temporal parameters. The purity

function is very similar to that used under full supervisionin chapter 5 and is described in

section 6.6.

6.4.2 Model-based recognition belief

In the forward classification stage,all event occurrences which can be recognised are gener-

ated, ignoring the temporal constraints of the model. If thetemporal parameters were used in

this stage, the recognition of an event occurrence could be prevented by incorrect parameter

values. Occurrences which are not generated cannot be allocated feedback and therefore the er-

roneous parameters would not be corrected. The initial temporal constraints are used to propose

a classification for the event occurrences that are recognised and calculate theirmodel-based

recognition belief. This belief value provides an initial confidence on the classification of the

event occurrence. It measures the proximity of an example tothe original model parameters,

which gives an indication of the amount of change needed in order to make a positive example
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0,1 1,2

B :

A :

REST(W)

?,1

-1,2 1,2

?,2

REST(X)

?,3 ?,5

D :

{( 3,-1.0,1)}

C :

3,2 3,4 1,2 1,4W :

X :

REST(Y)

{( 1,1.0,-)}{( 1,0.0,-)}

{( 1,1.0,-)}

{( 2,1.0,-)}{( 2,1.0,-)}

{( 2,1.0,-)}

{( 3,1.0,1)} {( 3,0.0,1)} {( 3,1.0,1)}

{( 3,1.0,2)} {( 3,1.0,2)}

Figure 6.3: RESTs containing causal information. Each nodecontains a list of examples of the
format: (example,weight,subevent example).

negative and vice versa. The closer the example lies to the boundaries of the model parame-

ters, the easier it is to change its classification by modifying the parameters and therefore the

lower the confidence in the initial classification should be.Model-based recognition beliefs are

intended to be used as a measure of the quality of the support provided by an event occurrence

to higher-order ones and are included in the calculation of the recognition belief for the latter

occurrences. Recognition beliefs are not directly interpretable into example weights, which are

calculated on the basis of training feedback.

As a means of illustrating the calculation of the model-based recognition belief, assume the

following initial model parameters for the three events in the working example:

duration(W,A, [1..1]), distance(W,A,B, [−1..2]), duration(W,B, [2..4]),

duration(X,C, [1..3]), distance(X,C,D, [0..1]), duration(X,D, [1..4]),

duration(Y,W, [3..6]), distance(Y,W,X, [1..5]), duration(Y,X, [4..7]).

The recognition belief for an example of the three non-inputevents, i.e.,W , X and Y , is

calculated from two pieces of information:

• The proximity of the example to the original model.
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• The recognition belief of the supporting subevent occurrences.

Consider, for instance, exampleW/{1, 4}, i.e., example1 of W , with duration4. This ex-

ample is stored in the right branch of REST(W ), in Fig. 6.3, which contains the nodesB : (?, 1)

andA : (1, 2). The supporting subevent occurrences forA andB have a recognition belief of1,

since they are input ones, i.e., they have definitely occurred. In this case, the recognition belief

for the example depends only on its proximity to the model. The calculation of this proximity

can be further subdivided into the calculation of the proximity for each parameter value in the

REST branch. The function which performs this calculation is namedcf-prox and takes the

following generic form:1

cf-prox(v, v1, v2) : (Z
⋃

{?})3 → [−1..1], (6.1)

wherev is either the distance or the duration value of the REST node and [v1..v2] the corre-

sponding parameter range. Thus, in order to calculate the recognition belief forW/{1, 4}, the

result of the following three function evaluations needs tobe combined:

cf-prox(2, 1, 1) & cf-prox(1,−1, 2) & cf-prox(1, 2, 4),

using the parameter values in the REST nodes and the parameter ranges of the model. Due

to their use in calculating the recognition belief for the example, eachcf-prox value is called

partial recognition belief and provides:

• the classification for one parameter value in the example, i.e., positive if it is outside

the parameter range and negative otherwise, and

• the confidence in this classification, i.e., an absolute belief value, depending on how

close the parameter value lies to the boundary of the parameter range.

It takes lower negative values the further the parameter value is outside the range and takes

higher positive values the closer the parameter value is to the middle of the ranges. In the

above example, the distance between the two event occurrences is within the required range,

but their durations are not. As a result, the proposed classification is negative for both du-

rations and positive for the distance value, i.e.,cf-prox(2, 1, 1) < 0, cf-prox(1, 2, 4) < 0,

cf-prox(1,−1, 2) > 0.

The set of partial recognition beliefs for the parameter values in an event example give an

indication of the proximity of the example to the model parameters. This set is combined with

1cf-prox: confidence based on proximity.
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the set of recognition beliefs for the supporting subevent occurrences, to provide the recognition

belief for the example:2

conj-rb(P,Q) : [−1..1](2n−1) × [−1..1]n → [−1..1], (6.2)

whereP is the set of partial recognition beliefs andQ the recognition beliefs of then supporting

events. In the working example:

P = {cf-prox(2, 1, 1), cf-prox(1,−1, 2), cf-prox(1, 2, 4)},

Q = {1, 1}.

The recognition beliefs, setQ, for the input event occurrences are both1. In order for the ex-

ample to be positive, all partial beliefs and the recognition beliefs for the supporting subevent

occurrences, must be positive. This is not the case in this example, because the duration con-

straints are not satisfied and therefore the overall result is negative.

Finally, if there was more than one branch of REST(W ) with a total duration of4 for the

event example1, a further function would be used:3

disj-rb(R) : [−1..1]n → [−1..1], (6.3)

whereR is now the set containing the result ofconj-rb for different REST branches. For

instance, exampleY/{3, 10} in REST(Y ) corresponds to two alternative branches:{X : (?, 3),

W : (3, 4)} and{X : (?, 5), W : (1, 4)}. The functionconj-rb provides a recognition belief

for each sequence and the results are combined, usingdisj-rb.

The result of this process is the recognition belief of an example and is used in the calcu-

lation of the recognition belief for the examples of higher-order events. Figure 6.4 summarises

the calculation of the model-based recognition belief forW/{1, 4}. First the partial recogni-

tion beliefs for the three parameter values are calculated,usingcf-prox. Thenconj-rb is used to

combine the partial recognition beliefs and the recognition beliefs of the supporting subevent

occurrences. Finally,disj-rb provides the recognition belief for the example, combiningthe

belief for alternative branches, in this case just one. The details of the three functions are pre-

sented in section 6.6.2. The resulting recognition belief for W/{1, 4} is used to calculate the

recognition belief forY/{3, 10}.

2conj-rb: conjunctive combination of recognition beliefs.
3disj-rb: disjunctive combination of recognition beliefs.
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dA=2-0=2 sAB=3-2=1 dB=4-3=1

cf-prox(2,1,1) cf-prox(1,-1,2) cf-prox(1,2,4)

conj-rb({ p1,p2,p3},{1,1})

disj-rb({ r1})

p1
p2 p3

r1

b1

rbe(A / {-,2}) rbe(B / {-,1})

Figure 6.4: Calculation of the model-based recognition belief for W/{1, 4}. Therbe function
provides the recognition belief for an event example.

6.5 Backward allocation of feedback

When an output event is recognised, training feedback for the event occurrence is acquired and

the feedback allocation process can take place. This process is the same for all non-input events

and consists of three stages:

1. Aggregating the received feedback for each event example.

2. Updating the example weights in a REST (Intra-REST allocation).

3. Allocating feedback to the supporting subevent occurrences (Inter-REST feedback).

6.5.1 Feedback aggregation

In section 6.4.2 the calculation of an initial model-based recognition belief for an event oc-

currence was examined. In the feedback allocation stage, the occurrence is assigned feedback

from the data, if it is an output event, or from the event occurrences that it supports, if it is

an intermediate event. Input events do not receive feedback. Feedback values are in the same

range as recognition beliefs, i.e.,[−1..1], and are aggregated to provide adata-basedestimate

for the belief in the recognition of an event.

The feedback received from different supported event occurrences is aggregated by the

function:4

rb-combine(F ) : [−1..1]n → [−1..1], (6.4)

4rb-combine: recognition belief combination.
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whereF is the set of all the feedback values assigned to an event occurrence andn, the number

of event occurrences that have allocated feedback to it. Foroutput event occurrences, a single

feedback value is received (n = 1), which is either−1, if the event should not be recognised,

or 1 if it should be. For intermediate event occurrencesn ≥ 1 and some of the feedback that

is received may be contradictory. In other words, one supported event occurrence may assign

positive and another negative feedback to their supporter.In the working example, there is only

one output event,Y , allocating feedback toW andX. Assume that the two occurrences ofY

receive different feedback:Y (0, 10) receives+1 andY (2, 10), −1.

6.5.2 Intra-REST allocation

Once the data-based recognition belief for an event example, e.g.Y/{3, 10}, which corre-

sponds to occurrenceY (0, 10), has been calculated, its classification information, represented

by the weights in REST(Y ), needs to be set accordingly. Similar to recognition beliefs, positive

weights correspond to positive and negative to negative examples. Moreover, the higher/lower

the data-based recognition belief for a positive/negativeexample, the higher/lower the weight

that this example is awarded.

The data-based beliefs for the twoY occurrences aref31 = 1 for Y (0, 10) andf32 = −1

for Y (2, 10).5 Each of these occurrences corresponds to two branches of theREST(Y ), i.e.,

two different subevent sequences. For example,Y (0, 10) corresponds to the branches{X :

(?, 5),W : (1, 4)} and{X : (?, 3),W : (3, 4)}. The first requirement is to allocate feedback to

each separate branch. In other words, knowing thatY (0, 10) is positive,f31 = 1, the feedback

for {X : (?, 5),W : (1, 4)}, f311, and{X : (?, 3),W : (3, 4)}, f312 needs to be calculated.6

One of the two sequences is required to be positive and shouldreceive strong positive feedback.

The recognition of the second sequence of subevent occurrences is not needed and therefore

weaker feedback can be awarded.

The allocation of feedback to alternative sequences for thesame example is done on the

basis of their model-based belief. The rationale is that a sequence which has a high model-

based recognition belief is more appropriate for receivinghigh positive feedback and less likely

5The index for the beliefs contains the example number, whichis 3 in this case and a number to distinguish
between the event sequences.

6The additional index is needed for distinguishing between different sequences for the same example and with
the same duration.
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to be negative. Feedback allocation is performed by the function:7

inv-disj-rb(R, f) : [−1..1](n+1) → [−1..1]n, (6.5)

whereR is the set of model-based recognition beliefs for then alternative subevent sequences

andf is the data-based recognition belief of the event occurrence. The recognition beliefs in

R are the output ofconj-rb, which is an intermediate product in the classification stage, i.e.,

before the combination of recognition beliefs for separatebranches of the REST, bydisj-rb.

In the above example from Fig. 6.3 there are two alternative subevent sequences foreach

occurrence ofY , i.e.,n = 2, and assume that the following beliefs are calculated:

f311 = 1.0, for the nodes{X : (?, 5),W : (1, 4)},

f312 = 1.0, for the nodes{X : (?, 3),W : (3, 4)},

f321 = 0.0, for the nodes{X : (?, 5),W : (1, 2)},

f322 = −1.0, for the nodes{X : (?, 3),W : (3, 2)}.

The details of how these belief values are calculated are given in section 6.6. The calculated

beliefs can effectively be used as the weights of the corresponding examples. For instance,

nodesX : (?, 5) andW : (1, 4), in Fig. 6.3, have a weight of1.0, which is provided byf311

above. Similarly,W : (3, 2) has a negative weight, becausef322 is negative.

A final complication is that more than one of the above sequences may share the same

REST node. This is true for the nodes of the terminal subevent, X, e.g.X : (?, 5) is used in

two of the four branches:

{X : (?, 5),W : (1, 4)} & {X : (?, 5),W : (1, 2)}.

Since each subevent sequence may have a different recognition belief, a node-specific calcula-

tion of example weights is also needed. Thus, the example weight of nodeX : (?, 5) should

combine the feedback of the two subevent sequences above, i.e.,f311 = 1.0 andf321 = 0.0.

The node-specific weight combination is performed by the following function:8

comb-weight(F ) : [−1..1]n → [−1..1], (6.6)

7inv-disj-rb: inverse ofdisj-rb.
8comb-weight: combined weight.
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whereF is the set of feedback values for then branches which share the node. Applying this

function to the nodes of REST(Y ) results in the weights that appear in the REST nodes in Fig.

6.3.

6.5.3 Inter-REST feedback

The final stage of the refinement process involves the allocation of feedback from an event

occurrence to its supporters. As mentioned in the previous section, feedback values are in

the range[−1..1] and are interpreted as data-based recognition beliefs. Positive feedback is

assigned to event occurrences which should be recognised and negative to the ones that should

not.

In the simplest case, an output event occurrence, e.g.Y (0, 10), assigns feedback to its in-

termediate supporters, e.g.W (0, 4). Positive output examples should try to increase the recog-

nition belief of their supporters, so that the latter can be recognised. This can be achieved by

assigning positive feedback to them. Thus, sincef31 = 1 for Y (0, 10), the feedback toW (0, 4)

should be positive, to ensure thatW (0, 4) is recognised. Negative examples should discourage

the recognition of their supporters, assigning negative feedback to them. Note, however, that

the recognition of a negative example can be avoided even when all of its supporters have a

positive recognition belief. This can be achieved by setting the temporal parameters of the

event appropriately. Thus, ifW (2, 4) is not excluded by the temporal parameters forW , the

recognition ofY (2, 10) can be avoided by setting the temporal parameters ofY appropriately.

The opposite is true for positive examples, where the recognition of an event requiresall of

its supporters to be positive andall the temporal constraints to be satisfied. This fact makes

the maintenance of positive feedback particularly important and one of the major factors in the

choice of a feedback allocation function in section 6.6.

The feedback value for intermediate event occurrences is not +1 or−1, but any value in the

range[−1..1]. For instance the occurrenceW (2, 4) receives feedback from the occurrences of

eventY . If W was supported by other intermediate subevents, i.e., ifA andB were not input

events, it would need to allocate feedback to them. This feedback should be proportionate to

the data-based recognition belief forW (2, 4), i.e., the belief in the recognition ofW (2, 4),

after the feedback fromY has been received. Thus, the allocated feedback contains more

information than just the classification of the supporter, i.e., whether a supporter ofW (2, 4)
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is positive or negative. It represents the belief in the recognition of the subevent occurrence,

given the recognition belief of the supported one.

The calculation of example weights, as explained in section6.5.2 above, combines the

data-based recognition belief for the supported event occurrence and the model-based belief for

subevent sequences. For this reason, the example weights are a good estimate of the feedback

to be allocated to the supporting subevent occurrences. Forinstance, the feedback allocated to

W/{1, 2}, i.e., the occurrenceW (2, 4), is a combination of the weight for examples supported

by W/{1, 2}, i.e., examples in the nodesW : (3, 2) andW : (1, 2) in REST(Y ), Fig. 6.3. In

order to combine weights from different nodes and provide a feedback value for the supporting

subevent example, thecomb-weightfunction (6.6) is used again. The feedback for the four

subevent occurrences supportingY , in Fig. 6.3, is as follows:

f(W/{1, 4}) = 1.0,

f(W/{1, 2}) = 0.0,

f(X/{2, 5}) = 1.0,

f(X/{2, 3}) = 1.0.

The details of how these values are calculated are provided in section 6.6.3.

Once the feedback to these events has been allocated, the first two stages of the backward

allocation process are repeated for each of them, resultingin the weights of Fig. 6.3. These

can then be used in the refinement of the temporal constraintsfor eventsW andX. Figure

6.5 summarises the use of the feedback allocation functionsfor the working example. The

feedback received for each of the two output event occurrences, i.e.,+1 for Y/{3, 10} and−1

for Y/{3, 8}, is not altered byrb-combine. This is always the case for output event occurrences,

which receive a single number as feedback. Theninv-disj-rb combines the feedback value with

the model-based belief of each REST branch, e.g.{X : (?, 5),W : (1, 4)}, to calculate the

data-based belief for the corresponding subevent sequence. The result of this function is a set

of values, one for each branch, which are interpreted as example weights. If more than one

branches with different weights share the same node,comb-weightcalculates the node-specific

weight for the example. Finally, in order to calculate the feedback for each supporting subevent

occurrence, the weights of all the examples that the occurrence supports are combined again

by comb-weight.
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Figure 6.5: Allocation of the feedback received forY/{3, 8} andY/{3, 10}. The function
rbs calculates the model-based belief for one branch of the REST, i.e., one of the alternative
sequences corresponding to an example. In that respect it differs fromrbe used in Fig. 6.4.

6.6 Belief processing functions

In the previous section several functions were introduced to perform the initialisation and up-

dating of recognition beliefs. The choice of these functions is as important for the success of

the refinement method as the choice of the search heuristics,i.e., proximity and purity, used

under full supervision. In this section the criteria for choosing the belief processing functions

and the properties of the ones that have been chosen are examined. The functions are separated

into three groups, depending on the purpose they serve:

1. Forward belief initialisation. These are the functions that calculate the initial model-

based belief for the recognised events.

2. Backward feedback allocation. Functions that allocate the feedback received for the

output events, back to the intermediate ones, and recursively further back.

3. Parameter refinement. These are the search heuristics, used for the refinement of the

model parameters.
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6.6.1 Criteria

In addition to the function-specific criteria, which are discussed in the following sections, there

are a number of general issues, which affect the choice of thefunctions:

Positive against negative examples. As mentioned in section 6.5.3, the recognition of posi-

tive examples sets different constraints to the feedback allocation process than that of negative

ones. In order for an output event occurrence to be recognised, all of its supporters must have

been recognised, i.e., have positive recognition beliefs,andall of its temporal parameters must

be satisfied by the supporting subevent sequence. The same holds for each of their subevents

and so on back to the input nodes of the network. Thus, there isa large set of conditions that

need to be satisfied to achieve a single positive classification. In contrast, recognition of nega-

tives can be avoided in a number of different ways, e.g. by setting a single temporal parameter

appropriately.

The first effect of this difference between the two example types is that the number of

examples initially classified as negative is larger than thepositive ones. This will be especially

true at the higher-order nodes of the network, due to the cumulative effect of parameter errors.

This phenomenon can even be observed in the simple working example used in this chapter.

EventY cannot be recognised, because of an error in the temporal parameters ofW , which

leads to negative recognition beliefs for allW event occurrences. Under the assumption that

the original parameters are close to the desired ones and therefore only minor modifications to

the model are needed, the value of these negative recognition beliefs should be close to zero.

However, this depends very much on the choice of the belief initialisation and propagation

functions.

The difference between positive and negative examples affects also the choice of feedback

allocation functions. Since the satisfaction of positivesis harder than the exclusion of negatives,

positive feedback must be carefully maintained in the backward allocation stage.

Diminishing feedback. A problem related to the special importance of positive examples

is that of diminishing feedback in the backward allocation stage. The feedback assigned by

an event occurrence to its supporters is proportional to thefeedback it has received. In a high-

order network, this can result in diminishing feedback values, which become very low for event
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occurrences at the lower-order nodes. This effect can be justified by the increasing uncertainty

as causality of recognition is traced back from the output tothe input nodes. An example of this

uncertainty can be seen in the working example, where eitherof the twoX events,X(5, 10)

and X(7, 10), can be used to recognise the requiredY (0, 10). It is not clear which of the

two X occurrences should be associated with the recognition ofY (0, 10) and receive positive

feedback.

The decrease in the feedback values is reflected in the weights of examples, which are

used in refinement. This can be particularly harmful for positive examples, which need to have

considerably larger weights than negative ones, in order toguide the search to good solutions.

Thus, it is important to choose the feedback allocation functions in such a way as to minimise

the effect of diminishing feedback.

Weighted intra-REST allocation. Another effect of the uncertainty in the backward trace

of causality, is the distinction between alternative solutions. In the example that was given

above, there are twoX event occurrences that can be used to recogniseY . As a result, they are

both awarded positive feedback. In reality, however, only one of them is likely to be positive.

Thus, a way of discriminating between them is needed. To someextent this can be achieved,

by taking into account the original model-based recognition belief of the twoX events and a

measure of how well they satisfy the temporal constraints ofY , given by thecf-prox function.

A combination of the two measures is given by theconj-rb function. The higher the model-

based recognition belief of the event occurrence, the higher the positive feedback that it should

receive.

Data-based feedback and model-based recognition beliefs.Under full supervision, train-

ing feedback was purely data-based and was only combined with model-based information by

the explicit combination of the proximity and purity heuristics. The advantage of this is that

the relative importance of the two sources of information can be simply weighted, according to

their importance in the refinement of the model. As seen above, however, the feedback alloca-

tion process uses model-based information. The extent and the manner in which this is done is

important for the choice of the feedback allocation and refinement functions.
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6.6.2 Forward belief initialisation

In the forward classification stage of the refinement process, the model-based initialisation of

recognition beliefs takes place. In the centre of this process there is thecf-proxfunction, which

calculates a belief in the proposed classification, based onthe proximity of an example to the

model parameters. Figure 6.6 shows the two sequences:

k1 = A(0, 2), B(3, 4) & k2 = A(2, 3), B(3, 4),

for the example1 of eventW , in the three-dimensional parameter space. Both sequencesfail

to satisfy the constraint on the duration ofB, but sequencek1 also fails to satisfy the duration

of A.

dA dB

sAB

1
2
3
4

1
2
3
4

-1 0 1 2 3

k1
k2:

k1k2:

k1: e5(0,4)
k2: e5(2,4)

Figure 6.6: An example of two event sequences represented inthe same space as the param-
eters of the model. The shaded area corresponds to the regioncovered by the model and the
bracketed part of each axis to the projection of the covered area. The nodes of the REST(W )
are represented as dots.

Thecf-prox function calculates a belief for each parameter value, named the partial recog-

nition belief. The partial recognition belief is positive,if the parameter value is within the

given range and negative outside it. Positive values are higher when they are close to the mid-

dle of the range and negative ones are smaller when they are far outside the boundaries. The

parameter ranges are inclusive and therefore examples on the boundaries should be assigned a

positive belief. Moving one time unit outside the ranges, they become negative. Thus the belief

is always different from zero. Regarding the minimum beliefvalue, it can either approximate

−1 as the proximity to the boundaries decreases, or it can be setto −1 at the window limits.

The maximum belief value is at the middle of each range and is set to 1, in order to reward

good positive examples.
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The function that has been chosen forcf-prox is inspired by the Lennard-Jones potential,

used to calculate attraction/repulsion forces between molecules. Ignoring initially the sign of

the belief values, (6.7) provides a decreasing positive value when moving from the middle of

the range,(v1+v2
2 ), to the perimeter, and increases again when moving away fromthe perime-

ter.

cf-prox0(v, v1, v2) = 1−
4× (v2 − v1 + 1)× |2v − v1 − v2|

(v2 − v1 + 1 + |2v − v1 − v2|)2
. (6.7)

The cf-prox0 function provides a measure of confidence in the classification of an event

sequence with the particular parameter valuev. It indicates how safe the proposed classification

– whether positive or negative – is. Figure 6.7(a) illustrates the behaviour of the function for

v1 = −5, v2 = 5. The cf-prox function can be derived fromcf-prox0 by multiplying its

output with−1 for negative examples. Figure 6.7(b) shows the effect of this for the function

in Fig. 6.7(a). This function satisfies all of the requirements that were set forcf-proxand also

provides clear discrimination between “good” positive and“bad” negative examples, due to its

non-linearity.

A linear approximation of the above function is a combination of two linear segments

with negative slope. In order for the values of this functionto remain above−1, upper and

lower bounds tov need to be introduced. The natural choice is the parameter window. Thus,

assuming that the window for the function presented in Fig. 6.7(b) is [−100..100], Fig. 6.7(c)

presents the linear alternative. Typically, the slope for the negative segment will be less steep

than the positive one, since the window of interesting values for a parameter is expected to be

considerably larger than the original range. The result of this is increased uncertainty in the

assignment of negative recognition beliefs. This can only be avoided by choosing a narrow

window.

Another alternative is to view thecf-prox function as a probability density function, in-

dicating the probability of an example being positive. For example, one could assume that

positive examples are normally distributed, with a mean at the middle of the parameter range

and the variance equal to the original range. A practical problem with this approach is that

positive examples are not assigned high enough probabilities to be clearly distinguished from

negative ones.9

9This alternative has not been examined further, due to lack of time.
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(c) A linear alternative.

Figure 6.7: Thecf-prox function for a range of size10.
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The partial recognition beliefs, calculated bycf-prox for the parameter values of an exam-

ple, are combined with the recognition beliefs of the subevent occurrences to give the model-

based recognition belief for the example. Since the recognition of the sequence requires both

positive supporters and the satisfaction of the model parameters, the combined recognition be-

lief, ought to be no higher than the lowest of the individual beliefs. The combination function

used here takes the minimum of all the belief values, similarto the conjunctive combination of

confidence factors [94]. This is preferred to probabilisticcombination, i.e., multiplication of

the two beliefs, which can lead to a pessimistic estimate of the recognition belief. Thus,

conj-rb(P,Q) = min(P
⋃

Q), (6.8)

whereP the partial recognition beliefs andQ the recognition beliefs for the subevent occur-

rences. Theconj-rb function provides an initial recognition belief for an event example with a

particular duration. A practical problem with the use of theminimum belief is that the recog-

nition belief for positive examples can quickly become verylow, in the forward propagation

of beliefs. This problem can be solved to a certain extent by the way in which model-based

recognition beliefs are used in the feedback allocation stage.

The last function used in the forward classification stage isdisj-rb, which calculates the

combined recognition belief for a set of alternative sequences of the same example, with the

same duration. Since the recognition of the particular example requires only one of the al-

ternatives to be recognised, the belief in its recognition has to be at least as high as each of

the individual beliefs. Following again the confidence-factor methodology, the maximum is

chosen for this function.

disj-rb(B) = maxB. (6.9)

Thus, if there is more than one way of achieving a positive example, the recognition belief is

inherited from the most optimistic alternative.

Figure 6.8, reproduces the example of Fig. 6.4, replacing the variables with numbers.

6.6.3 Backward feedback allocation

The feedback allocation process begins with the calculation of a data-based recognition belief

for an event occurrence, combining all the feedback received either from the training data or
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dA=2-0=2 sAB=3-2=1 dB=4-3=1

cf-prox(2,1,1) cf-prox(1,-1,2) cf-prox(1,2,4)

conj-rb({-0.11,0.36,-0.02},{1,1})

disj-rb({-0.11})

-0.11 0.36 -0.02

-0.11

-0.11

rbe(A / {-,2}) rbe(B / {-,1})

Figure 6.8: Calculated belief values of the model-based recognition belief forW/{1, 4}.

from the event occurrences that it supports. The combination of feedback is performed by the

rb-combinefunction, which is chosen to provide a bias for positive classification. This bias is

achieved by selecting the maximum among the received feedback values:

rb-combine(F ) = maxF, (6.10)

The choice of enforcing a positive bias is justified on the basis of the preservation of feedback

for positive examples, as explained in section 6.6.1 above.

A problem with the chosen function is that it does not provideadequate discrimination

between positive and negative examples, since an example that receives a single positive piece

of evidence is considered positive. A pseudo-probabilistic alternative is to treat the feedback as

evidence provided by independent sources about the recognition of the event occurrence and

use probabilistic summation of the evidence.

rb-combine(F ) = ◦

n
∑

i=1

f+
i − ◦

m
∑

j=1

|f−
j |, (6.11)

wheref+
i ∈ F is the positive feedback,f−

j ∈ F the negative and◦
∑

stands for probabilistic

summation. For instance, if the exampleW/{1, 4} received feedbackf1 = 1.0, f2 = 0.5,

f3 = −0.5 andf4 = −0.3, the combined feedback would be:

rb-combine({1.0, 0.5,−0.5,−0.3}) = (1.0 + 0.5 − 1.0× 0.5)− (0.5 + 0.3− 0.5 × 0.3)

= 1.0− 0.65 = 0.35

One potential problem with the use of probabilistic summation is the handling of contradic-

tory evidence. A single piece of negative evidence can result in a considerable reduction in
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the recognition belief of an event occurrence, even when allother evidence is positive. This

problem can be overcome, by scaling the evidence according to the size of the two subsets of

F , F+ andF−, corresponding to positive and negative evidence. Furthermore, a user-defined

weightζ for the relative importance of positive and negative evidence can be added:

rb-combine(F ) =
ζn

n + m
◦

n
∑

i=1

f+
i −

(1− ζ)m

n + m
◦

m
∑

j=1

|f−
j |. (6.12)

The positively-biased alternative presented in (6.10) waspreferred on the grounds of simplicity.

The next stage involves the allocation of feedback to alternative sequences for the same

example, with the same duration. For example, the two different sequences, corresponding to

the event occurrenceY (0, 10):

W (0, 4),X(7, 10) & W (0, 4),X(5, 10)

should be allocated different feedback. In fact it is likelythat one of the two sequences is

a negative example, despite the fact thatY (0, 10) should be recognised. The two alternative

subevent sequences are represented in REST(Y ), Fig. 6.3, by the branches:

{X : (?, 3),W : (3, 4)} & {X : (?, 5),W : (1, 4)}.

As was discussed in section 6.5.2 above, the functioninv-disj-rb is used for allocating feedback

to each individual sequence. This function scales the feedback allocated toY (0, 10), by the

model-based beliefs of the individual functions. This is achieved as follows:

inv-disj-rb(R, f) =

{

fi : fi =



















f, if maxR = min R or

f × max R−ri
max R−min R , if f < 0 andmaxR 6= minR or

f × ri−min R
max R−min R , if f ≥ 0 andmaxR 6= minR

}

,

(6.13)

wherefi is the feedback for theith sequence,ri ∈ R is the model-based recognition belief

for that sequence andmin R, maxR the minimum and maximum model-based recognition

beliefs among the alternative sequences. For the two sequences above the model-based belief

is identical,−0.11, and therefore no discrimination is achieved. They both receive a feedback

of +1.

The rationale behind this scaling is that positive exampleswith a higher model-based recog-

nition belief are more likely to be the real positive ones andsimilarly for negative examples
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with a low recognition belief. Since the feedback for each sequence is interpreted as an example

weight and used in the refinement of the parameters for the event, this type of scaling minimises

the incurred change to the model parameters, by giving less weight to examples which are near

the parameter boundaries. A greedy alternative of this function would be to choose only one of

the alternative sequences, e.g. the one with the highest/lowest positive/negative model-based

recognition belief, and ignore the rest. The chosen function adopts a more cautious approach

to feedback allocation, allowing all of the alternative sequences to be examined. An important

characteristic of the chosen function is that it does not change the sign of feedback, it just scales

it.

The last function that is used in feedback allocation iscomb-weight, which calculates the

weight of an example in a REST node, by combining beliefs of the sequences in which it

participates. The result of the function is also used as feedback for the supporting example. If

the examined REST node participates in a positive sequence,it is necessary for its recognition

and should therefore be assigned positive feedback at leastas high as the complete sequence.

For this reason,comb-weightreturns the maximum feedback:

comb-weight(F ) = maxF, (6.14)

whereF the set of feedback values for the sequences in which the nodeparticipates.

Figure 6.9, reproduces the example of Fig. 6.5, replacing the variables with numbers. Note

that the feedback for the branch{X : (?, 5),W : (1, 2)} of REST(Y ) is 0.0, because it is the

less negative of the two alternatives for the negative example Y/{3, 8}, i.e., Y (2, 10). As a

result, exampleW/{1, 2}, corresponding to occurrenceW (2, 4), receives0.0 as feedback and

will be ignored in the refinement of the parameters ofW , because its classification is unknown.

6.6.4 Parameter refinement

The refinement algorithm used under partial supervision is the same as under full supervision.

Once all the example weights have been calculated, a best-first search is performed which

maximises a fitness measure, combining purity and proximity. The purity function is modified

slightly to make use of the weighted examples. For instance,assume a solution, which covers

setsP of positive andN of negative examples. Assume also thatP0 andN0 are the sets of all
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Y / {3,8}, i.e.,Y(2,10)Y / {3,10}, i.e.,Y(0,10)

rb-combine({+1}) rb-combine({-1})

inv-disj-rb({-0.11,-0.11},1.0) inv-disj-rb({-0.02,-0.04},-1.0)

f31=+1 f32=-1

1.0
1.01.0 -1.0

-1.0
0.0

nodeW:(1,4)

comb-weight({1.0})

nodeX:(?,5)

comb-weight({1.0,0.0})

nodeW:(3,4)

comb-weight({1.0})

nodeW:(1,2)

comb-weight({0.0})

nodeW:(3,2)

comb-weight({-1.0})

nodeX:(?,3)

comb-weight({1.0,-1.0})

1.0

1.0

1.0

0.0

1.0 -1.0

comb-weight({1.0}) comb-weight({1.0})comb-weight({1.0,,1.0}) comb-weight({0.0,-1.0})

f(W / {1,2})=0.0

W(2,4)

f(X / {2,5})=1.0

X(5,10)

f(X / {2,3})=1.0

X(7,10)

f(W / {1,4})=1.0

W(0,4)

0.01.0

rbs({ X:(?,5),W:(1,4)})

rbs({ X:(?,3),W:(3,4)})

rbs({ X:(?,5),W:(1,2)})

rbs(X{:(?,3), W:(3,2)})

Figure 6.9: Calculated data-based belief values forY/{3, 8}, Y (2, 10) and Y/{3, 10},
Y (0, 10).

positive and all negative examples. Then purity is defined as:

weighted-purity(P,N,P0, N0) = β

∑n
i=1 w+

i
∑k

j=1 w+
j

+ (1− β)

∑l
g=1 |w

−
g | −

∑m
h=1 |w

−
h |

∑l
g=1 |w

−
g |

, (6.15)

whereβ is the user-definedpositive-to-negative ratio, w+
i ∈ P , w+

j ∈ P0 are positive weights

andw−
h ∈ N , w−

g ∈ N0 negative ones. When alternative positive examples are covered by the

solution, the one with the highest weight is kept inP andP0. The behaviour of the weighted

purity function is very similar to that of the simple one, described in section 5.5.

The proximity heuristic under partial supervision is exactly the same as under full supervi-

sion. An alternative approach to incorporate a model-basedbias would be to measure proximity

implicitly, by including the model-based recognition belief in the weight of an example. This

could be done simply, by including it in the input of thecomb-weightfunction and treating it

in the same way as the feedback values, i.e., choose the maximum amongst the model-based

belief and the data-based ones. Then the purity function would incorporate model-based in-

formation and the proximity function would not be needed. However, this does not yield the

desired result. Assume, for instance, two alternative positive examplesp1 andp2, with weights
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w1 > w2. Assume also two solutionsh1 andh2. h1 coversp1 and is very close to the original

model parameters, whileh2 covers both alternatives and requires a large change in the original

parameters. All other things being equal, the model-based purity of both solutions will be the

same, ignoring the large proximity difference of the two solutions. So, the model-based purity

does not provide adequate discrimination between the solutions. Another important problem,

is thatcomb-weightcan turn negative examples into positive if their model-based recognition

belief is positive. This is not the intended effect of the proximity bias.

As mentioned throughout the chapter, the handling of negative examples becomes partic-

ularly important under partial supervision. At the stage ofparameter refinement, this issue is

addressed by some additional pre-processing of the examplelists, aiming to reduce the number

of negative examples. The examples which are removed are theones which do not support

“covered” higher-order occurrences. What is meant by “covered” here is the set of occurrences

covered by therefinedparameter ranges for an event. Thus, if the selected parameter ranges for

eventY exclude the negative occurrenceY (2, 10), the supporting subevent occurrences, e.g.

W (2, 4), can be ignored. If they were not ignored they would be used asnegative examples

and the refinement algorithm would attempt to exclude them. However, this is not necessary,

sinceY (2, 10) has already been excluded by the refined parameters ofY .

In addition to these negative examples which do not support “covered” higher-order event

occurrences, a number of other event occurrences which are generated in the classification stage

can be ignored. The use of parameter windows results in some intermediate event occurrences

not being used in the recognition of higher-order ones and never be assigned any feedback.

Since there is no classification information for the corresponding examples, they should be

ignored in the refinement of the parameters for the intermediate event. Similarly, all examples

which have received0 feedback can be ignored.

6.7 Summary and critique

The refinement algorithm has been extended to operate under partial supervision. In this task,

training information is provided for only the output nodes of the TCN and has to be allocated

back to the intermediate nodes. In order to achieve this, first all event occurrences that can

possibly be recognised in the input stream are recognised, ignoring the temporal constraints

of the model. An initial recognition belief is assigned to each of the event occurrences and
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the memory of the system is extended to store causal information. This information is then

used by the feedback allocation algorithm, which updates the recognition beliefs for the event

occurrences. The result of this process is stored as exampleweights in the RESTs of the events.

The refinement algorithm has not been modified substantially. The only new feature is the new

weighted purity heuristic.

The feedback allocation algorithm uses a number of heuristic functions. The choice of

these functions has an important effect in the refinement process. The selected functions seem

intuitively sensible, but lack sound theoretical basis. Analternative approach would be to im-

plement a probabilistic belief updating system, the properties of which have been extensively

studied. The limiting factors for the use of probabilistic rules is the lack of data and the large

amount of uncertainty and interdependence in a TCN. In that sense, the system presented in this

chapter takes an optimistic view, making decisions that arenot statistically justified. The com-

parison of a probabilistic feedback allocation system withthe one developed here is certainly

of interest and will hopefully take place in the future.

An additional feature of the system presented here is the large number of heuristics. This

is a cause of concern, since each of them is chosen individually, rather than using a global

framework, e.g. a probabilistic one. The lack of such a framework can result in incorrect or

inconsistent heuristics. This problem has been addressed by the use of explicit criteria and

biases, which at least lead to a consistent system. The result is a set of simple and similar

heuristic functions. Although they have a different name and are used at different stages of the

process, the behaviour of most of the functions is either identical or inverse.

Finally, a practical problem which was mentioned in chapter5 is that RESTs can be-

come quite large. A method of pruning the REST has been introduced, which uses parameter

windows. The problem becomes more serious under partial supervision, because of the large

number of intermediate event occurrences that are recognised. This phenomenon is due to

the lack of feedback for intermediate events and the adoptedapproach to generate all possibly

recognised event occurrences. In order to reduce the storage requirements of the algorithm, an

additional method of compression is introduced in the construction of the REST. The new type

of REST is calledcondensedand allows a list of durations to be stored at each node, instead

of a single duration value. Durations can be grouped together if they participate in alternative

sequences of the same example. Duration lists have to be combined with lists of distances for



CHAPTER 6. REFINEMENT UNDER PARTIAL SUPERVISION 206

the children of each such node. Figure 6.10 presents thecondensedREST(Y ) of Fig. 6.3. The

?,{3,5}

{( 3,-1.0,1,2),(3,0.0,1,2)}

W :

X :

REST(Y)

{( 3,1.0,1,4),(3,1.0,1,4)}

{( 3,1.0,2,3),(3,1.0,2,5)}

{3,1},2 {3,1},4

Figure 6.10: An example of a condensed REST. Each node contains a list of examples of the
format: (example,weight,subevent example,subevent duration).

node at the level of subeventX contains now both possible durations,3 and5, for the sup-

porting subevent and its children contain respective listsof distances. Note that each example

in the example lists contains an extra element, corresponding to the duration of the support-

ing subevent occurrence. The type of REST examined so far is namedflat REST. Condensed

RESTs are only used for storage, at the moment, and they need to be flattened in the refinement

process. The extension of the refinement algorithm to use thecondensed RESTs directly could

improve its computational and space efficiency.
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Chapter 7

Theme analysis of humpback whale

songs

During the breeding period, humpback whales sing a highly structured
and complex song. This song has been studied extensively by marine
biologists in the past 30 years. A large number of recordingshave been
made and analysed and general agreement has been reached about the
basic elements and the dynamics of the song. The song of the humpback
is of particular interest to this study, due to its temporal features and hi-
erarchical structure. A small set of songs has been transcribed and coded
to be used as a testbed for the methods presented in the previous chap-
ters. The structure of the song has been modelled by a generictemporal
classification network (TCN) and a simple initialisation method has been
developed to set the temporal parameters of the model, usinga subset of
the data. Models initialised in this way are refined using theremaining
data, less one song withheld for testing. The task of the classification
model is to recognise the high-order components of the songs, called
themes.

7.1 Song of the humpback whale

7.1.1 Basic properties of the song

The humpback whale,megaptera novaeangliae, is a baleen whale which can be found in most

oceanic areas. It spends the summer season, May to November,feeding near the poles and mi-

grates closer to the equator for breeding in the winter, December to April.1 Humpback whales

produce various sounds during both periods. However, during the migration and breeding sea-

sons, unstructured vocalisations give way to a complex song. Most evidence suggests that

1For a textbook introduction in the life of humpback whales see [111].

208



CHAPTER 7. THEME ANALYSIS OF HUMPBACK WHALE SONGS 209

this song is sung by male animals and has a similar functionality to bird song, i.e., successful

mating of the singer [99, 100].

The song of the humpback is a pattern of sounds, which may be repeated several times in

sequence. A sequence of songs is called asong session. The duration of a song varies from

a few minutes to roughly half an hour, while a song session canlast several hours. Singing is

usually performed by lone individuals, who repeat the same song with very little variability.

Two interesting properties of the song are that there is no distinguishable spacing between

songs in a session and that the session may start at differentpoints within a song. As a result,

it is difficult to determine the beginning of each song and theconventions that are used are

arbitrary.

Most of the above information is reported in [79] and [113], which were the first systematic

studies of the song. The former study analysed recordings from the North Atlantic breeding

area of Bermuda, between 1957 and 1971, while the latter usedrecordings from the Caribbean

Sea, between 1969 and 1977. Payne and McVay [79] present an analysis of the song structure,

which has been very influential for later research. Based on analysis of the spectrograms,

frequency vs. time diagrams, of the songs, they proposed thefollowing structure:

• A song sessionis a sequence of repeatedsongs.

• A songcomprises a sequence ofthemes.

• A themeis a repetition ofphrases.

• A phraseis a sequence ofunits.

• A unit is a sound which is continuous to the human acoustic perception and is usually

considered the most elementary building block for the song.Units are sometimes

decomposed intosubunits, e.g. in the case of a pulsive unit.

In later research [37, 76], this structure has been slightlymodified to give a more precise de-

scription of the song:

• A phraseis decomposed intosubphrases.

• A subphraseis either a fixed sequence or a repetition ofunits.

Figure 7.1 gives a graphical view of this structure.

The basic unit sounds vary in many different ways:

• Their fundamental frequency varies between 30 and 2,500 Hz.

• Some units have a rich harmonic structure and others do not.
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song session

song

theme 1 theme 2

phrase 1

subphrase 1.1

a a a a a a a

subphrase 1.2

b c d

phrase 1 phrase 2

subphrase 2.1

e e e e e e e

subphrase 2.2

f f f

phrase 2

song

Figure 7.1: Overview of the humpback whale song.a, b, c, d, e, f are different types of unit.

• Frequency modulation differs between units: there are quick and slow upward and

downward sweeps, flat frequency units and other more intricate frequency variations.

• Their duration varies from a few tenths of a second to about 8 seconds.

• The temporal distance between units is roughly in the same range as their duration.

• There are tonal and pulsive units.

The variation between units and the predictable structure of the song make the analysis of the

song into its subcomponents a manageable task for human experts. However, one should not

underestimate ambient noise, echoes and other interference, which can affect significantly the

quality of underwater recordings. The aim of the work presented in this chapter is to automate

this analysis, with the use of an expert model of the song. Refinement of this model, in the form

presented in the previous chapters, is of particular interest, because the duration of and temporal

distance between unit utterances can vary significantly, especially between individuals [39, 30].

7.1.2 Peculiarities of the song

Despite its apparent predictability, the humpback whale song has a number of very interesting

features, which complicate its analysis. An early observation was that essentially the same

song is sung by all whales in the same ocean basin, but the songs in different ocean basins

differ substantially [112, 78]. The differences are in terms of song structure, i.e., the types of

unit that are used and the way in which they are combined into phrases and themes. Payne

and Guinee [78] note that the differences in unit types are smaller than in song composition,

suggesting that there may be a characteristic sound repertoire for the animal.
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Searching for a justification of these differences between songs, another interesting fea-

ture was discovered: the structure of the song, sung by a population, or stock, of whales, is

continuously changing. This explains the development of different songs by acoustically sepa-

rated populations. Several short and long-term studies of the gradual change of the song have

been published [75, 76, 37]. The first interesting conclusion of these studies is that the song

changes during the breeding season. There have been very fewrecordings of songs in the feed-

ing grounds, suggesting that the whales do not sing in this period [55, 57]. This observation

explains why the song remains in a fairly stable state duringthat period. Changes to the song

are introduced by individuals [37] and are either adopted bythe rest of the population or they

disappear again after a few months [78]. In the short term, i.e., a few months, changes to the

song are made at the unit and phrase level. Examples of this are (from [78]):

• Changes in the fundamental frequency of units.

• Addition or removal of units.

• Changes in the duration of units.

• Changes in the number of repeated units in a phrase.

In the longer term, complete themes can disappear and new ones take their place.

Other studies have looked at the composition of the song at a particular point in time, at-

tempting a different classification of its components. In [37] subphrases are identified which

appear in more than one theme. Examples of this phenomenon are presented in section 7.4.

These are calledmulti-themesubphrases and it has been suggested that they help in remem-

bering the complex song structure. Additionally, the authors distinguish betweenshifting and

static phrases and units. The former type corresponds to phrases and units which gradually

change in the progress of a song and presents a particular difficulty in the modelling of the

song. Multi-theme phrases are always static, i.e., of a fixedstructure. Finally, there is a special

type of theme, which is calledtransition theme. A transition theme consists of a single phrase,

which combines material from different themes, usually onesubphrase from the preceding and

one from the following theme.

Another complication of the humpback whale song is the presence ofaberrantsongs within

a singing period. An extensive study of aberrant songs is presented in [33], where a song is

classified as aberrant if it misses afundamentaltheme. Afundamentaltheme is one which

appears in 90% of the songs in a period. The author identified 14 aberrant song sessions, out
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of 123 that he examined, and separated them into three types:2

A. Abridging the song to start again from a particular theme (4 sessions).

B. Arbitrary mixing of material (3 sessions).

C. Short-term song change (5 sessions, concentrated in a period of a few days).

In addition to these top-level structural aberrations, minor deviations from the main song struc-

ture are also possible (see section 7.3).

7.1.3 Automatic classification of marine mammal sounds

Work on automatic processing of marine mammal sounds has focused on the low, signal pro-

cessing level, where the goal usually isunit recognition. Due to the similarity of the task to

phoneme recognition in speech processing, several methodsfrom this area have been applied

to the problem [39, 13, 15, 58]. However, the special properties of the underwater acoustic

signal, i.e., ambient noise, uncontrolled utterance sequences, etc., have impeded the success of

these approaches.

The family of whales which is most often studied in marine mammal sound processing

is odontocetes, i.e., toothed whales, especially dolphins, due to the abundance of recorded

data. A recent example of this work is presented in [96], where various types of Artificial

Neural Network (ANN) have been compared on the task of classifying three types of bottle-

nose dolphin sounds. An attempt was also made to extend this task to higher-order symbolic

processing, using a method based on fuzzy sets [96, 3]. The goal of the extended system was

still low-level sound classification, which is calledunit classificationhere.

ANNs have also been applied recently to the task of unit classification for baleen whale

songs, e.g. bowhead whales [81]. Like the work presented in [96], this work is image-based,

i.e., processing the digitised image of a spectrogram. Someof the problems which have been

noted with this approach are:

• Difficulty in isolating the sound segment in the digitised image.

• Need to centre the samples manually.

Due to these problems, the proposed unit classification process is still very laborious.

Finally, there have also been attempts to apply clustering,or unsupervised learning, tech-

niques to the digitised images of humpback whale units. The first such attempt [11] has not

2The two missing sessions were too short to be analysed.
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been very successful, generating an excessively large number of unit types and having a high

misclassification rate on unseen data. More recently the method of self-organising maps has

been applied to the problem with more success [108]. The authors of this work have observed

the emergence of clear patterns in the induced map, which canbe used to discriminate between

unit types in the song. The association of these unit types tohigher-order structural components

of the song was not attempted.

The methods presented in this thesis do not deal with low-level event recognition and can

therefore not be used for unit recognition. The rest of this chapter concentrates on the use of

the output of a unit classifier to perform higher-order analysis of the song.

7.2 Transcription of the songs

In the last 40 years, the interest in monitoring whales for conservation purposes has been ever

increasing. This process involves detailed research on different aspects of the animals’ be-

haviour, including vocalisations. As a result, large libraries of marine mammal sounds have

been created, archiving recordings in various formats.3 The songs acquired for this thesis were

kindly provided by the Whale Conservation Institute (WCI),4 in the form of photocopies of

spectrograms. The reason for choosing the paper format was that an automatic unit classifier

was not available and spectrograms are the natural choice for manual processing. The origi-

nal spectrograms were produced by photographing the outputof a spectral analyser, using a

35mm oscilloscope camera, on a continuous strip of 35mm photographic paper. The paper

strip moved at a rate of 0.5cm/sec. The developed strips displayed frequency on a linear scale,

in the range 40 to 2,500 Hz, against time. The strips were cut to pieces of roughly 60cm length

and glued on A1-size paper. Each suchspectrogram logcontained at most one song session,

but a session might require more than one log.5

The acquired spectrograms correspond to the complete set of132 sessions recorded in the

period between December 1977 and April 1978 off the coast of Maui, in the Hawaiian islands.

This is the largest set of recordings available for a single period in WCI. Recordings from a

single breeding season were preferred, in order to minimisethe effect of song change over time.

3Unfortunately, the number of digitised recordings is stilllimited.
4Contact addresses for WCI and other sources for marine mammal sounds are provided in appendix F.
5More details about the machinery used and the logging process can be found in [76].
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An additional reason for choosing that particular period isthat a very detailed analysis of the

song in that period has been published in [76]. In the processof analysing the songs, themes

and phrases were clearly identified and labelled on most of the spectrograms.

The quality of the acquired photocopies of spectrograms suffered in many respects:

• There are cases where ambient noise and other interference in the original spectro-

gram, made impossible or very difficult the analysis of a complete song from the

session (see example in Fig. 7.2).

Figure 7.2: Example of a noisy piece of recording.

• Almost all of the copies were missing a small part to the left or the right of the log.

• There were photocopy distortions in most of the copies.

However, the most important problem in the transcription ofthe songs was the size of the job.

The manual transcription process consists of measurement,with the use of a ruler, of the begin

and end points of all the units in a song. A typical song consists of roughly 250 units and its

careful transcription takes about 4 hours. For that reason 17 sessions were selected out of the

132, on the basis of quality, and out of these the 10 first, chronologically, were transcribed.

As there is very little variability between songs in the samesession, only one song was se-

lected and transcribed from each session, with the exception of the first session. In the session

of 8/12/77, one and a half songs were transcribed. The quantity of the transcribed material

is presented in table 7.1. In an attempt to minimise manual transcription errors, consistency

checks were performed on several properties of the encoded data, e.g. duration of units, dis-

tance between them, expected unit sequences, etc.

Note that the manual transcription process results in effectively noise-free data, since ambi-

ent noise and other interference are not coded. The issue of unit misclassification is discussed

in the section 7.4.
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song recording number of number of number of
number date units phrases themes

1 8/12/77 458+220=678 52+25=77 14
2 10/12/77 209 46 9
3 10/12/77 408 44 9
4 19/1/78 410 21 7
5 19/1/78 247 21 7
6 25/1/78 166 32 7
7 29/1/78 271 11 8
8 7/2/78 125 18 8
9 26/2/78 181 26 11
10 9/3/78 227 20 8

Total 2922 316 88

Table 7.1: Size of the ten songs.

7.3 Generic classification model

The event recognition task examined in this chapter focuseson the themes of the humpback

whale song. A generic TCN model is used which describes the structure of individual themes

in terms of their subcomponents. The model has been constructed on the basis of song de-

scriptions appearing in the literature and the spectrogramlogs, on which themes, phrases and

subphrases are marked. This section provides a detailed top-down description of the model,

separating the song into themes, phrases, subphrases and units. This is in accordance to the de-

scriptions found in the literature. Moreover, some rare aberrancies are described, which have

been discovered during the transcription of the data and do not appear in the literature.

It should be stressed that the aim of the experiments is the evaluation of the methods pro-

posed in this thesis, which refine the temporal parameters ofa TCN model. The structural

components of the model, including the number of repetitions in the definition of repeating

events,cannotbe acquired from the data automatically. The automatic acquisition of model

structure from the data would be desirable for the song of thehumpback whale, due to the aber-

rancies and variations appearing in the song. Since this type of learning is not dealt with in the

thesis, the variations and aberrancies which have been encountered are included explicitly in

the model. The model description presented in the rest of this section pays particular attention

to this issue.

As described in [76], the song of the humpback whale in the recording period, consisted
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of 8 regular themes and one transition theme. The regular themes have been given numeric

labels 1 to 9, missing 3,6 while the transition theme appears between themes 2 and 4. In

addition to these, a transition theme between themes 5 and 6 has been encountered during the

transcription of the ten songs used here. This an unusual case of transition, because it combines

the beginning of themeT6 with the ending of themeT5, rather than the beginning ofT5 with

the ending ofT6. Table 7.2 lists the themes that are found in each of the ten songs. Themes are

labelled byTi, where the subscript corresponds to the labels given to themin [76].

song number T1 T2 T(2−4) T4 T5 T(5−6) T6 T7 T8 T9

1 2 2 2 2 2 0 1 1 1 1
2 1 1 1 1 1 0 1 1 1 1
3 1 1 1 1 1 0 1 1 1 1
4 1 1 0 0 1 1 1 0 1 1
5 1 1 0 1 1 0 1 0 1 1
6 1 1 0 1 1 0 1 0 1 1
7 1 1 1 1 1 0 1 0 1 1
8 1 1 0 1 1 1 1 0 1 1
9 1 1 1 1 1 0 1 0 3 2
10 1 1 1 1 1 0 1 0 1 1

Table 7.2: Themes in each of the ten songs.

As can be seen in Tab. 7.2 the composition of the ten songs in terms of the themes varies

significantly. There is a number of fundamental themes, e.g.T1, T2, which appear in most

songs and others which only appear in a small number of songs.More specifically:

• T7 is dropped midway through the season, as noted also in [76].

• Song 4 is missingT(2−4) andT4, due to the quality of the recording.

• Songs 4 and 8 are the only ones having the transition themeT(5−6).

• Song 9 presents another interesting phenomenon which was noted in [76]: the alter-

nation betweenT8 andT9. The following pattern of themes is sung:T8 − T9 − T8 −

T9 − T8.

• Song 1 is actually one and a half songs, the second part stopping atT5, due to the bad

quality of the recording.

Since none of the themes is omitted from the training and testdata for the experiment, the vari-

ation in the song composition is an important aspect of the experiments. By varying the choice

6Theme 3 existed in the previous season, which is also examined in [76].
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of training and test songs, the material available for training and testing can vary significantly.

This is issue is discussed in more detail in chapter 8.

The rest of this section examines in detail each of the ten themes. The labelling notation is

as follows:

Themes:Ti

Phrase of themeTi: Pi

Subphrases of phrasePi: SPij

Units: sequence of small italic letters (a, b, c, . . . ).

Note that the units in different themes are labelled with different letters, even if they look the

same on the spectrogram. Henceforth, this labelling schemewill be referred to ascontext-

sensitive unit classification. Section 7.4 examines the problems of this labelling approach and

proposes an alternative. In the following theme descriptions the qualitative descriptorslow,

mediumandhigh frequency, relative to the range covered in the spectrograms, are used. The

three discrete values correspond to three, roughly equally-sized, frequency ranges. The way in

which these are determined is discussed in section 7.4.

ThemeT1 is a repetition of phraseP1, which is composed of two subphrasesSP11 andSP12.

The first of the two subphrases is a repetition of a low-, flat-frequency unit,a, of alternatively

short and long duration. The order in which the short- and long-durationa units are sung has

been given particular attention in [76], because it used to be random in the previous season. In

the season examined here the order of short and longa units is less random, but still not com-

pletely predictable. In the model presented here, the choice has been made not to distinguish

between the two types ofa. The reason for this is that the duration of units is a property which

can be expressed explicitly in the model and therefore does not need to be taken into account

in the labelling of the units. The second subphrase is composed of three units:b, c, d, which

are of medium-, mainly flat frequency. One aberrant pattern of SP12, appears in song 7, where

there are only two units:b′, which is similar tob, andc′, which looks like a hybrid between

c and the first unit in themeT2. This phenomenon can be seen as a special type of a shift-

ing unit, where there is just one connecting unit between twodifferent types. As mentioned

above such aberrant cases are included explicitly in the model. In this case, the aberrancy is

modelled as a second subphrase,SP ′
12. Figure 7.3(a) presents graphically the definition ofT1,
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including examples of the three subphrases. In addition to the TCN representation, a similar

state-transition-network (STN) representation and a spectrogram sample of the typical phrase

for the theme are provided.

ThemeT2 consists of repeatedP2 phrases, which are made of subphrasesSP21 andSP22.

The first subphrase is a repetition of unite, which starts with a downward sweep from a high

frequency, remains at a medium, flat frequency for most of itsduration and decreases again

at the end. In song 4, a different type of unit,e′, is used inSP21, which is very short, at a

frequency level roughly equal to the flat portion ofe. The frequency ofe′ is rapidly rising and

falling again. This type of unit has been used in themeT2 in the previous season.SP22 is a

repetition of 1 to 3 medium, flat-frequency units,f . Figure 7.3(b) describesT2. Comparing

the spectrograms in Fig. 7.3(a) and 7.3(b), it becomes clearthat the last three units of the two

phrases are very similar, i.e.,SP12 is similar toSP22. Despite this fact, the units inSP12 and

SP22 are labelled differently by the hierarchical decomposition approach adopted here. This is

a problem with the context-sensitive labelling scheme and is discussed in detail in section 7.4.

Theme T4 is a repetition ofP4 phrases, containing subphrasesSP41 andSP42. The first

subphrase is usually a combination of two units:g, h, of which g is flat, medium-frequency

andh is similar, but very short and with a drop in frequency at the end. The usual pattern is

g − h − g, but there are cases, whereh and possibly one of thegs is missing. This aberrant

phenomenon is captured bySP ′
41, which is defined as one or twogs. SP42 is a repetition ofi

units, which are of low, but rising frequency. Figure 7.4(a)presents this theme.

ThemeT5 consists of repeatedP5 phrases, which are made of three subphrases:SP51, SP52

andSP53. The first subphrase is a combination of two units:j, k in the pattern:j − k− j − k.

They are almost identical to unitsg, h of P4. The second subphrase is a single unit,l, of long,

flat and medium frequency. This subphrase is only modelled implicitly as part ofP5, i.e.,SP52

does not appear in the model, because of its single-unit structure.SP53 is a repetition of units

m, which are very short and of low and decreasing frequency. Figure 7.4(b) shows the structure

of this theme.
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Figure 7.3: Theme descriptions (T1, T2). TCN, STN and spectrogram sample. The notation
SP12v is used for a disjunction of two alternative models ofSP12. The upper and lower bound
on the number of repetitions in repeating events is shown as∗(x, y) beside the corresponding
links. Conjunctive events are denoted by an arc connecting the incoming links, similar to the
AND notation in AND/OR trees. The STN representation ignores the silence periods between
unit utterances. The spectrogram samples correspond to roughly 5 seconds of recording each.
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ThemeT6 in the songs examined here, consisted always of one phrase, which is not explicitly

modelled. There are two subphrases of the phrase:SP61 andSP62, the first of which consists of

repeated unitsn. The units of this subphrase have been examined in detail in [76], because they

changed from the previous season. No major variation has been found in the songs examined

here. Unitn is a short upward sweep, starting from a low frequency.SP62 consists of two

flat, low-frequency units,o, p. This subphrase is similar to the second subphrase in themesT7,

T8 andT9 and has been described as a rhythmic phrase in [38], used in remembering the song

structure. Figure 7.4(c) describesT6.

ThemeT7 has only one difference fromT6: the unit of the first phrase,q, is pulsive, rather

than tonal. ThemeT7 disappears in the later songs during the season. Figure 7.5(a) shows the

structure ofT7.

ThemeT8 is a repetition ofP8 phrases, consisting of subphrasesSP81 andSP82. The first

subphrase is a fairly arbitrary mix of units:t, t′, t′′, modelled by the disjunctive “super-unit”

tv. The first,t, is of a rising frequency, the second,t′, of a falling one and the third,t′′, is an

upsweep, followed by a downsweep at high frequency. The lasttype of unit is quite rare. The

second subphrase is the same asSP62, but at a lower frequency. Figure 7.5(b) presents the

definition of the theme.

ThemeT9 is similar toT8, but the first subphrase,SP91, is an ordered pattern. It combines

two units:w andx, in the pattern:w−x−w−x. Unit w is flat and usually at a low frequency.

Near the end of the season however its frequency rose. The second unit has a falling frequency,

similar tot′. Figure 7.5(c) presents this theme.

ThemeT(2−4) is a common transition theme, composed of subphrasesSP21 andSP42. As

mentioned above transition themes contain a single phrase,occurring only once. Figure 7.6(a)

shows an example spectrogram ofT(2−4).

ThemeT(5−6) has been seen in songs 4 and 8 and is likeP5, but instead ofSP51, it contains

SP61. Figure 7.6(b) reproduces the spectrogram of this theme.

Using the structure of the song as described above, Fig. 7.7 shows the distribution of phrase
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Figure 7.4: Theme descriptions (T4, T5, T6). The same conventions as in Fig. 7.3 are used.
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Figure 7.5: Theme descriptions (T7, T8, T9). The same conventions as in Fig. 7.3 are used.
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(a) ThemeT(2−4) (b) ThemeT(5−6)

Figure 7.6: Examples of transition themes.

and unit occurrences in the ten songs. Some units clearly occur more often than others. In

particular unitsa ande are very common, because they are:

• parts of long repeating subphrases and

• the phrases in which they belong are also repeated many times, Fig. 7.7(a).

The units of phraseP5, do not occur as often, i.e.,j, k, l,m are not as many, despite the fact

that P5 is a highly repeated phrase. The reason for this is that the subphrases ofP5 are not

repeating sequences. On the other end of the scale, some units occur only in one or two songs,

e.g.b′, e′, etc. It is impossible to learn the parameters of the corresponding subphrases, unless

these particular songs are examined.

7.4 Unit classification

The model described above makes use of the context-sensitive labelling scheme, which pro-

vides a top-down, part-whole classification of the entitiesin the model, i.e., the events. This

scheme is useful for describing the supporting relations inthe model, but does not correspond

to real differences in the labelled units – at least to the extent that these can be derived from

the spectrograms. Clear examples of this phenomenon are theunits of SP12 andSP22, as

mentioned above, and the second subphrases ofT8 andT9. A context-free unit classification

system, which made use of only the features that can be extracted from the spectrogram, would

not be able to distinguish between these units. Thus, the context-sensitive labelling scheme

contradicts the bottom-up design of the two-stage classification system, which was proposed

in chapter 3.

In an attempt to resolve this contradiction and make the problem more realistic, this section



CHAPTER 7. THEME ANALYSIS OF HUMPBACK WHALE SONGS 224

n
u
m

b
e
r

o
fo

cc
u
rr

e
n
ce

s

0

20

40

60

80

100

Song 1
Song 2
Song 3
Song 4
Song 5
Song 6
Song 7
Song 8
Song 9
Song 10

P1 P2 P4 P5 P7 P8 P9

song 10
song 9
song 8
song 7
song 6
song 5
song 4
song 3
song 2
song 1

(a) Distribution of phrases.

n
u
m

b
e
r

o
fo

cc
u
rr

e
n
ce

s

0

200

400

600

800

Song 1
Song 2
Song 3
Song 4
Song 5
Song 6
Song 7
Song 8
Song 9
Song 10song 10

song 9
song 8
song 7
song 6
song 5
song 4
song 3
song 2
song 1

a b b′ c c′ d e e′ f g h i j k l m n o p q r s t t′ t′′ u v w x y z

(b) Distribution of units.

Figure 7.7: Phrases and units in the ten songs.



CHAPTER 7. THEME ANALYSIS OF HUMPBACK WHALE SONGS 225

describes a method of clustering units into more meaningfulunit types. The proposed method

uses a simpleclustering rule, which is a logical combination of qualitative criteria. This rule is

a mapping of the 31 unit labels used above to a smaller set of unit types. The mapping is many-

to-one, i.e., a context-sensitive label is mappeduniquelyto a context-free type. The clustering

rule makes use of only two simple criteria:

Qualitative shape description. The shape of each unit was classified into one of four groups:

flat, increasing, decreasingand inflective, according to whether the main part of the

sound was of flat, increasing, decreasing or of more complex frequency modulation.

Most of the units fall into the first category, having only minor fluctuations in frequency.

The remaining units are classified as:

increasing: i, n, q, t,

decreasing: m, t′, x,

inflective: c′, e, e′, t′′.

The level of the fundamental frequency.This can take the values:low, mediumand high.

The threshold values for the three categories are approximately: 300Hz and 600Hz. The

process by which these values have been selected is as follows:

• For each of the songs, the frequency range for each context-sensitive unit has

been determined approximately. The table in appendix G provides the resulting

ranges.

• The midpoint of each range has been plotted for each unit in each song. The

thresholds were manually selected in a way which puts most ofthe points for

each unit in the same group. For the frequency-modulating units little extra

separation was achieved and the unit types were easily separable:

inflective-medium (typeD): c′, e, e′,

inflective-high (typeE): t′′,

increasing-medium (typeF ): i, n, q, t,

decreasing-low (typeG): m,

decreasing-high (typeH): t′, x.

The flat-frequency units on the other hand had significant overlap in their fre-

quencies, even when examining only the midpoint of the ranges. Figure 7.8
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shows the frequency midpoints for all flat units and the selected thresholds.

The thresholds do not provide perfect discrimination between the three unit

types, but maximise the purity of each group. Each unit is classified into the

group which contains the majority of its frequency midpoints. For example,

unitsy, z, are considered to be low-frequency units, because60% of their fre-

quency midpoints lie below or on the300Hz threshold. The resulting unit

groups are:

flat-low (type A): a, u, v, y, z,

flat-medium (type B): c, g, j, l, o, p, r, s, w,

flat-high (type C): b, b′, d, f, h, k.

Thus, there are now 8 unit types, labelled by capital lettersin the above lists.

0 300 600 1000

a
b
b′
c
d
f

g
h
j
k
l

o
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r
s
u
v
w
y
z

Frequency (Hz)

Figure 7.8: Midpoints of the frequency range for each unit ineach song. Each dot represents
the midpoint of the range which roughly covers the frequencyof the corresponding unit in each
song. For each unit there are as many dots, as the number of songs in which the unit occurs.

Clearly, the many-to-one mapping between units and unit types does notremove com-

pletely the context-sensitivity of the unit labelling scheme, but itdoesmake the problem more
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realistic. In order to achieve context-free unit classification, one would need to apply the clus-

tering rule directly on the spectrograms and acquire a new classification of the songs’ unit

occurrences. This was not done here for the following reasons:

• The large number of units in the songs, requires a long processing time for manual

re-classification.

• The small scale of the spectrograms, allows only approximate measurement of fre-

quency information.

• The quality of the spectrograms causes further measurementproblems.

• The clustering rule is oversimplified. A realistic unit-classification system, operating

directly on the recorded songs, would take more informationinto account than this

simple rule, e.g. number of inflection points and harmonic structure.

Since unit classification is not in the scope of the thesis, itwas decided that the uniform re-

labelling of units, according to the suggested mapping, is sufficient. Moreover, it is expected

that the chosen unit types would be separable by an automaticclustering system, which has

access to more accurate feature measurements on the sounds.The basis for this claim is that

the chosen clusters are broad and differ in ways which are notcaptured by the simple clustering

rule, e.g. harmonic structure, pulsive vs. tonal units.

For the most part, the new labelling scheme does not affect the structure of the model.

However, there are two important exceptions to this:

ThemeT6/7: The clustering rule does not examine whether a unit is tonal or pulsive. This is

because it is difficult to extract this information from the spectrogram. As a result, the

definition of T6 andT7 becomes identical. These definitions have been replaced by a

new themeT6/7, which has the same structure asT7.

SubphraseSP82/92: As mentioned in the previous section, subphrasesSP82 andSP92 are

identical. For this reason, they have also been merged into acommon subphrase.

Figure 7.9 describes the eight themes using the unit types,A to H. In addition to the few

structural changes, the new labelling scheme introduces a significant amount of overlap in the

definition of subphrases. The following are some cases, where this has an important effect:

• c′, e ∈ D: This reflects the shift of the abnormal subphraseSP ′
12 towards the next

theme,T2. The effect of this in the only song whereSP ′
12 appears, song 7, is that the
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Figure 7.9: Theme descriptions using unit types.
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recognisedSP21 starts earlier and overlaps withSP ′
12.

• SP22 fires for a singleC: The effect of this is thatSP22 can be recognised, incor-

rectly, in SP11, SP ′
12, SP41 andSP51, all of which contain aC-type unit in their

definition. To a certain extent this error will be avoided during classification by the

duration constraint imposed onC, by different subphrases. During learning however

the temporal parameters are assumed to be unknown.

• SP ′
41 fires for a singleB: This is a similar phenomenon, but a more serious problem,

sinceB is a more commonly used unit-type.

• SP41 is subsumed bySP51: This reflects the similarity of the two subphrases.

• SP42 is similar toSP61/71: Again this is a problem for learning, but not for classifi-

cation, since the duration constraint onF is different for the two subphrases.

The effect of the increased uncertainty, introduced in the model by the context-free unit la-

belling scheme, is further examined in chapter 8.

7.5 Automatic model initialisation

The biological literature does not provide a detailed studyof the temporal properties of the

humpback whale song. The only available information is a rough estimate of the duration of a

unit, a phrase and a theme [76], i.e., no specific informationabout individual units, phrases and

themes. In order to apply the refinement algorithms to the model, the temporal parameters need

to be assigned initial values, which are reasonable, but notaccurate, estimates of the desired

parameter values. The solution adopted here to this problemis to devise a simple method,

which sets automatically the parameters, tocovera subset of the training set. For instance, if

9 out of the 10 songs are chosen for training, a subset of these, e.g. 5, are used for initialising

the temporal parameters and the remaining, i.e., 4, are usedfor refinement. The initialisation

method sets the parameters in a way that all the components ofeach song in the subset, i.e., the

5 songs, are correctly recognised. This approach can be seenas a primitive, problem-specific

type of learning, since it extracts the parameter values from the data. This section describes

how this can be done for the context-sensitive and context-free models.
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7.5.1 Context-sensitive model

In the case of context-sensitive unit labels, the mapping between units and subphrases is

roughly many-to-one, i.e., each unit can only participate in the definition of a single subphrase.

Exceptions to this are the rare variants of some subphrases,e.g.SP ′
41 uses unitg, which is

also inSP41. The many-to-one mapping in the context-sensitive model simplifies the task of

automatically setting the temporal parameters:

• Each duration range for a unit, needs to be large enough to exactly cover the dura-

tion of all occurrences of the unit in the examined songs. For example, the duration

constraint fora, in the definition ofSP11, will have a minimum value equal to the

shortesta and a maximum value equal to the longesta in the songs, the reason being

thata is only used inSP11. Note that for units which appear in more than one sub-

phrase definitions, e.g.g, this will lead to overgeneralisation of the duration ranges,

since all relevant subphrase definitions,SP41 andSP ′
41 in the case ofg, are updated

simultaneously. A similar inaccuracy occurs in units whichare used more than once

in the definition of a subphrase, e.g. unitsw andx in SP91. The duration constraints

for both supporting links are updated simultaneously, leading to overgeneralisation.

The effect of this on the initialised model is discussed again in chapter 8.

• Similarly, distance ranges for subphrases can be uniquely determined by pairs of

units. Again some inaccuracy will result from the fact that identical pairs may appear

more than once in a subphrase definition, e.g.SP51 andSP91.

• The temporal parameters in phrase and theme definitions can be derived in the same

way, since subphrase and phrase labels are also context-sensitive.

One issue that arises with this method is how to set the parameters for events which do not

occur in the songs used for the initialisation of the model. The solution adopted here is to

establish surrogate events and use their parameters. For instance,SP41 is set to be a surrogate

for SP ′
41.

Applying the parameter-setting method to the complete set of songs, a model can be ac-

quired, which correctly recognises all subphrases, phrases and themes in all ten songs. The

term ‘perfect model’ will be used henceforth for this model, which is useful as a reference

point for the performance of the refinement methods (see chapter 8). Moreover, the perfect

model has been used to verify that the feed-forward classification algorithm, correctly achieves
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100% classification accuracy on the ten songs. This result isachieved under the provision that

event occurrences which are subsumed by other occurrences of the same event are removed.

This can happen in two cases:

• In repeating events, an event is recognised as soon as the minimum number of repeti-

tions is exceeded. According to the generic model of the song, as presented in section

7.3, the real event which should be recognised is the longestone. For example, given

a repetition ofP1 subphrases,T1 should start with the firstP1 and end with the last. In

addition to this realT1 event, the classification algorithm will recognise many other

subsumed ones.

• In disjunctive events, where one definition subsumes the other, the same situation

occurs. In the context-sensitive model, this only happens for SP41, which subsumes

SP ′
41.

The automatic parameter setting can be seen as a fully-supervised learning task, which

becomes trivial in virtue of the special labelling scheme and with the tolerance of some over-

generalisation. Other interesting properties of the task are:

Feed-forward classification tree: The classification model is a tree, rather than a network.

No overlapping events: One feature of the data acquisition process is that there areno over-

lapping occurrences of units. This could change, if ambientnoise was also coded and/or

parallel whale songs were examined. Furthermore, there areno overlapping definitions

of higher-order song components and therefore occurrencesof these cannot overlap.

No negative examples:Since the definition sequences are all unique and non-overlapping,

it is almost impossible to misclassify higher-order eventsin an input sequence of unit

occurrences. The only situation where this can occur is by combining subphrases from

consecutive phrases. If for instance, twoP1 phrases occur in sequence, the firstSP11

could be combined with the secondSP12 to misrecognise an overly longP1. This,

however, requires a distance range in the definition ofP1, which is too long and is rarely

encountered in reality.
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7.5.2 Context-free model

With the context-free labelling scheme, the mapping between unit types and higher-order song

components becomes many-to-many, i.e., one unit type can beused in more than one sub-

phrases. As a result, the simple model-initialisation method described above would not gen-

erate sensible parameter settings. Instead, it would produce an overly general model, with

very large parameter ranges. For this reason, the context-free model was generated by direct

translation of the corresponding context-sensitive one.

An interesting issue is the classification performance of the perfect context-free model.

This is less than 100%, due to the extended overlap between subphrase definitions, which leads

to the misrecognition of song components at different levels of the song. Figure 7.10 presents

the number ofextraevents, i.e., false positives, that are recognised by the context-free model.

One interesting result is that even in the context-sensitive case the misclassification of themes is

low. There is only one theme which is misrecognised. This is themeT2 in song 7, where there

is a shift in the second unit of subphraseSP ′
12. All other misrecognised subphrases and phrases

are rejected by the sequential and temporal constraints in the model. This illustrates one of the

strengths of the temporal classification network for an event recognition task, namely that it

can resolve the uncertainty generated at the low, signal-processing level. The number of false

negatives is much smaller:SP21, P2 andT2 are not recognised with the correct time stamp in

song 7, for reasons explained above, and the time stamp of oneSP22 is wrong in song 9.

In the refinement tasks, which are described in detail in chapter 8, the training data is

separated into the input unit sequence, calledinput data, and the higher-order events which

should be recognised, calledfeedback data. This distinction is necessary, because there is no

direct correspondence between input and output, as in the common vector-based learning tasks.

An interesting question which arises is whether the feedback data can be used for training

with the context-free model. The problem with the context-free unit labelling is that some

subphrases are subsumed by others, due to the multiple use ofunit types. The feedback data

consists of the real subphrase, phrase and theme occurrences and does not take the subsumption

of the model into account. As a result, a large number of negative examples, one for each

misrecognised event in Fig. 7.10, will be caused if this datais used for training. If these events

are used as negative examples, the refinement algorithm willretract the parameter ranges of

the model, in order to exclude them. The resulting model willbe the appropriate one for the
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Figure 7.10: Misrecognition of song components by the perfect context-free model.

training data, but it will deviate significantly from the perfect model, which is the basis for the

evaluation of the refinement methods. Thus, in order for the perfect model to be of use in the

evaluation, the misrecognised events should be provided aspositive examples to the refinement

algorithm. This can be achieved by using as feedback data thedata generated by applying the

perfect context-free model on the input data.7

7.6 Summary and critique

The song of the humpback whale has a complex and interesting structure. This chapter has

examined the construction of a theme-recognition tool for the song that was sung in the North

Pacific Ocean in the breeding season of 1977/78. Using spectrograms, a few of the songs from

this season have been transcribed and coded as sequences of unit occurrences, which are the ba-

sic elements of the song. A TCN model has been presented for the recognition of higher-order

components of the song. Finally, the difference between context-sensitive and context-free unit

7This only affects the refinement under full supervision, since there are hardly any misrecognised theme
occurrences.
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classification has been examined and a method was presented for automatically generating the

model parameters from a subset of the data.

The approach adopted for the transcription and encoding of the data suffers from several

shortcomings:

• The manual transcription process is not a realistic approach and may lead to inaccu-

racies. It is affected by the knowledge and prejudices of theperson performing the

transcription and it is prone to human error, especially in the encoded time points.

The problem of automating the low-level unit classificationprocess is very important

and necessary, before a higher-order, classification modelcan be of use.

• The context-sensitive unit classification is also unrealistic, unless a system is devel-

oped, which can take contextual information into account. Such a system should be

able to backtrack and re-evaluate the classification of lower-order events, in the light

of the events which have been recognised at higher orders. Although this functional-

ity is not included in the present refinement methods, the TCNframework lends itself

to such an extension, since it allows for re-use of lower-order events and recognition

of alternative higher-order ones. A similar approach can betaken in the unit classifi-

cation system, which could provide alternative classifications of the units to the TCN.

The TCN could filter them with the use of sequential and temporal constraints. This

approach would increase the uncertainty at the unit-classification stage, in a similar

way that the use of context-free unit types does.

• The clustering method, which generates the context-free data and model suffers from

the problem of not being applied directly to the unit occurrences, but to generic unit

descriptions. In other words, each of the context-sensitive units is mapped uniquely

onto a context-free unit type. Such a perfect mapping between units and unit types

is not realizable with the simple clustering rule used in this chapter. This is a com-

promise which had to be made, due to the lack of an automatic unit classification

system.

An additional issue is the suitability of the problem as a testbed for the methods developed

in this thesis. The goal is to apply the classification and refinement methods to the humpback

whale song and evaluate their performance. Since these methods were not specifically devel-

oped for dealing with this problem, there are several difficulties in achieving a perfect match
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between the two:

• One of the main considerations in the TCN representation is the existence of over-

lapping events in the training data. This aspect of the modelis not exploited by the

problem presented in this chapter, which examines an isolated event sequence. An

interesting extension to the problem would be to look at songs which are sung in

parallel by different whales. This happens rather seldom inreality, because singers

tend to maintain considerable distance between them. However, this phenomenon

has been noticed in a few cases, where due to either the positioning of the record-

ing ship or the properties of underwater sound propagation,the song of one or more

whales appeared in the background of the main subject [75]. Additionally, one could

artificially mix two songs, either at the level of the recording or even at the level of

event symbols, depending on whether the unit classificationof mixed songs can be

dealt with. This idea has not been pursued further, due to time limitations.

• Some interesting features of the song cannot be modelled with the static structure

of the TCN. Examples of this are shifting units and the changeof the song over

time. Modelling such features of the song requires a more dynamic framework, which

models continuous properties of the examined sounds, rather than viewing them as

symbolic events.

• Repeating events can be modelled with a TCN, but they presentseveral problems,

as mentioned in chapter 5. The result is that they are treatedas a disjunction of

conjunctive events, which leads to very rigid models. Sincerepetition is such an

important aspect of the song, more work is required to improve the handling of these

events by the TCN.

Despite these problems, the task presented in this chapter is challenging and illustrates the

applicability of the methods examined in the thesis. There are certainly many open questions,

which present opportunities for further work, possibly with the application of completely dif-

ferent methods. The final target of such work would be a systemwhich facilitates the analysis

of the humpback whale song and helps the experts discover further features of this very inter-

esting natural phenomenon.



Chapter 8

Experiments on the whale songs

This chapter examines the suitability of the refinement methods proposed
in this thesis to a real-world task: the refinement of a model for the hump-
back whale song. The model is represented by a temporal classification
network, as described in chapter 7. The temporal parametersare ini-
tialised automatically on a set of songs and then refined, using a separate
set of training data. Once refined, the model is evaluated in terms of its
classification performance on unseen data and its proximityto the de-
sired (perfect) model. The acquired results show the benefits of model
refinement, but also reveal weaknesses of the proposed methods.

8.1 Experimental setup

Chapter 7 examined the structure of the humpback whale song and presented a generic TCN1

model for the song in one particular season. Ten songs from this season have been transcribed

and coded in an event-sequence format, suitable for processing by the classification and refine-

ment methods proposed in the thesis. Each of the ten songs canbe seen as a training example

for the task of learning to recognise themes, since most themes occur once in each song. In this

manner, the songs form a small dataset, which can be used to evaluate the performance of the

refinement algorithms.

8.1.1 Four experiments

The evaluation comprises four experiments, using context-sensitive and context-free data under

full and partial supervision:

1TCN: temporal classification network.

236
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Experiment Supervision Units

I full context-sensitive

II full context-free

III partial context-sensitive

IV partial context-free

The incremental refinement algorithm (ORA)2 cannot be part of the experiments, because it

has not been extended to deal with repeating events.

In the case of refinement under full supervision (LRA),3 the input to the refinement algo-

rithm consists of:

• the initial model, which is named here theexpert model. The temporal parameters of

this are set by the model initialisation method, described in section 7.5, chapter 7.

• the sequence of time-stamped units, corresponding to a subset of the ten songs. This

part of the training data is namedinput data. Consecutive songs are concatenated into

one dataset, by adding an offset to the time stamps of the units in each subsequent

song, sufficient to separate the training material.

• the corresponding training feedback, containing all subphrases, phrases and themes

which should be recognised. This part of the training data isnamedfeedback data.

Combined feedback for a set of songs is generated by the same concatenation method

as for input data.

The output of the refinement algorithm is the model, with updated temporal parameter set-

tings. The experiments with refinement under partial supervision (RAPS)4 differ in only one

respect: the feedback data contain information only for thethemes which should be recognised,

not for the phrases and subphrases. Prototypes for the LRA and RAPS algorithms have been

implemented in Prolog and are used here in the evaluation of the methods.

8.1.2 Evaluation criteria

The success of the refinement process can be assessed by the following criteria:

1. Displacementof the refined model from the perfect model, i.e., the model which

correctly classifies subphrases, phrases and themes in all ten songs.

2ORA: Optimal Refinement Algorithm.
3LRA: Lazy Refinement Algorithm.
4RAPS: Refinement Algorithm under Partial Supervision.
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2. Classification performance of the model on unseen data.

The first criterion measures the difference between the temporal parameters of the refined

model and the parameters of the prefect model. IfSr andDr are the sets of distance and dura-

tion ranges for the refined model andSp, Dp, the corresponding sets for the perfect model, the

displacement of one model to the other is calculated by the sum of the individual displacement

values:

δ(Sr,Dr, Sp,Dp) =
∑

[s−r ..s+
r ] ∈ Sr

[s−p ..s+
p ] ∈ Sp

(|s−r − s−p |+ |s
+
r − s+

p |) +
∑

[d−r ..d+
r ] ∈ Dr

[d−p ..d+
p ] ∈ Dp

(|d−r − d−p |+ |d
+
r − d+

p |),

where[s−r ..s+
r ], [s−p ..s+

p ], [d−r ..d+
r ], [d−p ..d+

p ] are individual distance and duration ranges. The

lower the values forδ, the closer the refined model is to the perfect one. In the sameway, the

displacement of the expert model from the perfect model can be calculated. This criterion can

also be interpreted as a measure of the amount of improvementto the expert model. Thus if

(Se,De) the parameters of the expert model and similarly(Sr,Dr), and(Sp,Dp) these of the

refined and the perfect model, theimprovement ratiois defined as:

ir = 1−
δ(Sr,Dr, Sp,Dp)

δ(Se,De, Sp,Dp)
.

The second criterion, i.e., classification performance, can be measured by using the refined

model to classify unseen data and comparing the recognised events to the ones which should

have been recognised. The test data are constructed in the same way as the training data,

but they are reserved for the evaluation of the classification output. Performance measures of

interest are:

• Ratio of themes recognised, ignoring their time stamp. IfNu is the set of themes in

the unseen data5 andNd ⊆ Nu the recognised themes, the ratio is defined as:

ρt =
|Nd|

|Nu|
.

• Ratio of themes recognised with the correct stamp. IfOu is the set of theme occur-

rences in the unseen data andOd ⊆ Ou the recognised ones:

ρto =
|Od|

|Ou|
.

5As a simplification, each theme is counted only once.
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• Ratio of recognised subphrases and phrases with the correcttime stamp. Similar to

themes:

ρpo =
|Qd|

|Qu|
.

• Ratio of false recognised themes. IfOa is the set of all recognised theme occurrences:

ρtf =
|Oa| − |Od|

|Oa|
.

• Ratio of false recognised subphrases and phrases:

ρpf =
|Qa| − |Qd|

|Qa|
.

These ratios are similar to the performance criteria used inthe Receiver-Operating Characteris-

tics (ROC) analysis of dichotomous classification models. The measures used in the construc-

tion of ROC curves are:

Sensitivity= TP
TP+FN and 1−Specificity= FP

TN+FP ,

whereTP,FP, TN andFN stand for true and false positive and negative classification. The

ratios ρt, ρto and ρpo are measures of sensitivity, whileρtf and ρpf are the alternatives of

1−specificityfor the event recognition problem. The difference is thatTP is used in the de-

nominator ofρtf andρpf , instead ofTN , becauseTN corresponds to all the events which

have correctlynot been recognised. In common classification problemsTN can be measured

but in these experiments it cannot be.6

8.1.3 Sampling method

A basic requirement for the evaluation procedure is that it provides a reasonable estimate of the

average-case performance of the system. In the experimental setup used here, this requirement

is difficult to satisfy, for two reasons:

• Small amount of data.

• Unbalanced distribution of the training material in the tensongs.

The common solution to these problems is the use of an iterative leave-one-outtest strategy,

which requires that each data point is used as a test set and anaverage over all runs is obtained.

6In the special case ofOa = 0 or Qa = 0, ρtf andρpf remain undefined.
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Here, this is equivalent toten-fold cross validationand the final result is an average of the

ten runs. In each run, one of the songs is used for testing, i.e., evaluation of the classification

performance on unseen data, and the other nine for training.

However, the separation of the data into a training and a testset is only part of the problem.

There is an additional requirement to generate the expert model, which is given as a starting

point to the refinement algorithms. Section 7.5, in chapter 7, described how this can be done

automatically, using a subset of the data. This is needed, because there is no expertise available

on what the initial parameter values should be. As a result, the training set in each run of the ten-

fold cross validation needs to be further subdivided into a subset of songs for initialisation, the

expert set, and another for refinement, therefinement set. The size, as well as the composition

of the expert set can have an important effect on the performance of the refinement algorithms.

One extreme is to use one song for the initialisation and eight for the refinement of the model.

In this case, the temporal parameter ranges of the expert model are very narrow, just covering

the one-song expert set. The refinement algorithm has the task of expanding these ranges –

contrary to its proximity bias – to cover the eight songs in the refinement set. At the other

extreme, eight songs can be used in the initialisation, allowing for little refinement to take

place, with the use of the remaining song.

In order to gain a good estimate of the performance of the algorithms, one would need to

look at all possible sizes,1 to 8, of the expert set and average over all possible compositions

of it at each size. The first of the two requirements, i.e., varying the number of songs in the

expert set, is equivalent to varying the size of the trainingset in a typical learning problem and is

adopted here to construct a learning curve. Thus,8×10 = 80 runs are performed for each of the

four experiments, where8 is the number of different sizes of the expert set and10 the number

of runs under ten-fold cross validation. The second requirement however, i.e., examining all

possible compositions of the expert set, causes an exponential increase in the number of runs

to be performed. For an expert set of sizen, there are
(9
n

)

possible configurations of the set.

Thus for all8 set sizes, the number of runs is:

10×

8
∑

n=1

(

9

n

)

= 5, 100.

This number of runs is not achievable by the prototype implementations used here and therefore

it was decided that this dimension would not be explored. Instead, for each of the80 runs, a
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random configuration of the expert set has been generated andthe remaining songs were used

for training.

8.1.4 Standard of comparison

As a means of comparison, in addition to the refined model, twomore models are evaluated:

• The expert model.

• Thegoal model.

The goal model is the equivalent of the perfect model for the training set, i.e., it just covers

all nine songs in the expert and refinement sets. The expert model is undergeneralised and

the refinement algorithm is required to generalise it, i.e.,expand the given ranges. Due to

the proximity bias, the generalisation should lead to a model which just covers all nine songs.

Therefore, the goal model is an approximation of the desiredmodel after refinement. The

perfect model is more general, since it covers all ten songs.This coverage is not achievable by

refinement in the experimental setup used here.

Being invariant throughout the80 runs in each experiment, the perfect model provides a

fixed point of reference for the performance of the refinementalgorithm. The most important

result, however, is the performance of the refined model relative to that of the goal model.

Thus, ifSr,Dr, Sg,Dg, Sp,Dp are the sets of distance and duration ranges for the refined, goal

and perfect model respectively, the quantities which should be compared are the displacement

of the refined model from the perfect model,δ(Sr,Dr, Sp,Dp), and displacement of the goal

model from the perfect model,δ(Sg,Dg, Sp,Dp). Note also that ifSe,De are the parameter

ranges for the expert model, the following relation should hold in general:

0 ≤ δ(Sg,Dg, Sp,Dp) ≤ δ(Sr,Dr, Sp,Dp) ≤ δ(Se,De, Sp,Dp), (8.1)

due to the fact that the refined model is expected to generalise the expert model, but not beyond

the goal model. A similar behaviour is expected for the classification performance measures.

The goal model is acquired by applying a variant of the automatic model initialisation

algorithm to the refinement set. This algorithm generalisesthe expert model, i.e., expands the

temporal ranges, using the refinement set. It differs from the initialisation algorithm in that it

leaves the definitions of events which are missing from the refinement set unchanged, while

the initialisation algorithm replaces them with the corresponding parameters of their surrogate
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definition. The reason for this modification is that the refinement algorithm handles missing

events in the same way and the purpose of the goal model is to act as a standard of comparison

for the refined model. It should be stressed, that the goal model is just an approximation of the

ideal refined model and it therefore fails in several ways. Even the intuitive relation (8.1) may

not hold in some cases. The approximation errors are explained in the context of the results

presented in the remaining sections of this chapter.

The goal model for the context-free unit types is constructed by direct translation of the

equivalent context-sensitive one. Some interesting results with the overly general “goal” model,

acquired by automatic initialisation from the context-free data, as mentioned in section 7.5,

chapter 7, are presented in the following sections. The termpseudogoal modelis used for this

overly general model.

8.1.5 Parameter settings for refinement

Another important aspect of the experimental setup involves the setting of the parameters for

the refinement algorithms. These parameters are the following:

Positive-to-negative ratio (β). The aim of the refinement is generalisation of the expert model,

with the use of positive examples from the data in the refinement set. For this reason,

negative examples are ignored by settingβ = 1.0. Under full supervision, there are not

many negative examples (see section 7.5, chapter 7) and the value ofβ should not play an

important role. However, under partial supervision, wherethere is uncertainty about the

recognised subphrases and phrases, a large number of alternative events are generated,

most of which are negative examples. These examples should be ignored.

Purity-to-proximity ratio ( γ). In the full supervision experiments there is no noise in the data

andγ is set to a high value,γ = 0.9, giving a high data bias. For partial supervision there

is increasing uncertainty in the propagation of feedback and the model bias can play an

important role in avoiding overgeneralisation. Thereforeit was decided to give an equal

weight to the two biases,γ = 0.5. A reasonable alternative would be to varyγ according

to the size of the expert set. This approach was not adopted, however, because the relation

betweenγ and the size of the expert set is not known.
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Distance and duration windows. In order to avoid biasing the search towards the correct pa-

rameter settings, these are set to uniform default levels. All distance windows are set to a

minimum of1, since there are no overlapping events, and a maximum which covers the

largest encountered distance. For duration windows, a distinction is made between units

and other events. The former tend to be considerably shorterthan the latter and if the

windows were set to be too large, there would be no discrimination between the prox-

imity of different candidate solutions, due to the disproportionately high denominator of

the proximity function (see section 5.5, chapter 5). Therefore, the maximum duration for

units in subphrase definitions is set to be an order of magnitude smaller than for other

events, still covering all unit durations. The minimum duration is also set to1. The

chosen approach of uniform window settings is problematic,because of the effect it has

on the calculation of proximity. An alternative approach would be to use the automatic

window determination, by proportional extension of the original windows (see section

5.5). If this were to be chosen, however, it should be made dependent on the size of

the expert set, otherwise it could inhibit the required range expansion. This observation

suggests the association of the automatic determination ofparameter windows with the

γ parameter. This idea has not been explored further, due to time limitations.

Thus, the parameters used by the refinement algorithms were fixed throughout each of the

four experiments, taking values as described above. However, in order to gain an idea of the

dependence of the algorithms to the parameters, an additional experiment was performed, in

which the performance of the algorithms for different parameter settings was evaluated. The

results of this experiment are presented in section 8.4.

8.1.6 Analysis of results

As mentioned in section 8.1.3 above, an8× 10 setup is used for each of the four experiments,

averaging over10 runs for each of the8 possible sizes for the refinement set. The results of

the experiments are analysed with the use of graphs, which portray the behaviour of different

models, as the size of the refinement set changes. Figure 8.1 sketches the typical format of

these graphs.
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Figure 8.1: Idealised curves for the analysis of the results.

On the horizontal axis of each graph, the size of the expert set varies from1 to 8. The ver-

tical axes represent the various criteria that were introduced in section 8.1.2, i.e., the displace-

ment and classification performance measures. Each curve ina graph illustrates the behaviour

of one of the three models: expert, refined and goal. The basisfor comparison is always the

perfect model. The construction of a curve is based on eight points, each of which is an average

over ten runs, i.e., the result of 10-fold cross validation.The error bar shows the standard error

at every point.
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As the size of the expert set increases, the expert model approaches the perfect model,

while the goal model remains largely unaffected, as shown inFig. 8.1(a). The displacement

of the refined model from the perfect also decreases, due to the reduced displacement of the

expert from the perfect model. At the same time, the size of the refinement set reduces causing

the displacement of the expert from the refined model to decrease. The three curves should not

intersect each other, due to the relation presented in (8.1).

The improvement ratio graph, in Fig. 8.1(b), presents the same information as Fig. 8.1(a),

but in a different format. This time the amount of improvement by the refined and goal models

on the expert model is measured. A value ofir = 1.0 means that the displacement of the

corresponding model from the expert model is as large as thatof the perfect model, indicating

that the refined, or goal, model is very close to the perfect model. As the size of the expert set

increases, the displacement of the expert from the perfect model decreases, leaving less room

for improvement.

The recognition ratio for themes and phrases, i.e., the proportion of recognised events in

the test set, takes the form shown in Fig. 8.1(c). The expert model is expected to miss the

recognition of many events, especially when the expert set is small. The refined model should

improve this result, approaching the goal model. As the sizeof the expert set increases, the

degree of improvement decreases and the three curves converge. Similarly, the misrecognition

ratio is shown in Fig. 8.1(d). The expert model is expected tomisrecognise a larger number of

events than the other two models and improve as the size of theexpert set increases.

The fact that the curves for the refined model lie between the two other curves is a result of

(8.1) and will hold to the same extent that this relation does. There are cases where (8.1) was

violated, mainly due to approximation errors in the goal model. These are discussed as they

are observed in the following sections.

8.2 Refinement under full supervision

8.2.1 Context-sensitive units (I)

The first experiment examines the simplest case of the refinement task:

• the model and the data use context-sensitive units,

• supervision is provided for all phrases, subphrases and themes in the model.
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Under these assumptions, there is a many-to-one mapping between units in the input data and

subphrases in the feedback data, i.e., each unit is only usedto recognise one subphrase. This

mapping should allow the refinement algorithm to extend the expert model so that it exactly

covers the refinement data. Negative examples only appear when the distance window does not

prohibit the combination of subphrases from consecutive phrases, as discussed in section 7.5,

chapter 7. For example, the uniform distance window, used for all events, may be large enough

to allow the combination of aSP91 occurrence with theSP92 of the subsequentP9 phrase,

since both these subphrases do not contain repeating units and are usually short. However,

such a negative example can be trivially excluded because the distance between the subphrases

is far outside the range required for covering the positive examples.

Given the simplicity of the task, the refined model is expected to be almost identical to the

goal. Figure 8.2(a) presents theδ values for the three examined models and Fig. 8.2(b) shows

the improvement ratio for the refined and the goal models.
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Figure 8.2: Displacement results, full supervision with context-sensitive units.

Theδ values of the refined model lie between those of the goal and the expert model, but

they do not coincide with the goal. The reason for this is thatthe parameter ranges for the goal

are further expanded than these of the refined model and are infact larger than what is needed

for covering the nine songs. This is a result of the overgeneralisation, which was discussed in
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section 7.5, chapter 7, caused by exceptional multiple usage of units in subphrase definitions.

Examples of such units areg, which is used inSP41 andSP ′
41, andx, used twice inSP91. The

refined model provides a more accurate cover of the refinementset, since it uses the feedback

information to determine the mapping between unit and subphrase occurrences. However, it

has a larger displacement from the perfect model than the goal model, since the latter two are

generated in the same way. The effect is smaller as the size ofthe expert set increases, because

the expert model, which incorporates the same kind of inaccuracy, moves closer to the goal.

The displacement of the goal model itself from the perfect model is decreasing as the size of

the expert set increases. This is due to the modification of the initialisation algorithm, used for

the construction of the goal model. The initialisation algorithm presented in section 7.5 uses

surrogate event definitions to set the parameters for missing events. For instance, subphrase

SP12 acts as a surrogate forSP ′
12, which occurs in only one song. Thus, ifSP ′

12 does not

appear in the set of songs used for initialisation, the parameters in its definition are copied from

the definition ofSP12. The modified version of the initialisation algorithm, usedto generate

the goal model, does not change the definition of events whichare missing from the refinement

set. As the size of the expert set increases, more songs move from the refinement to the expert

set, increasing the amount of overgeneralisation in the expert model, since the surrogate ranges

become larger. In other words, the ranges inSP12 will be larger when the expert set consists of

seven, instead of two songs and so will be the ranges inSP ′
12, if it is missing from the expert

set. The correction of the problem, in the construction of the goal model, will thus have less

effect as the size of the refinement set decreases, leading toa more general goal model, closer

to the perfect one.

Despite the fact that it essentially depicts the same information as Fig. 8.2(a), the improve-

ment ratio graph in Fig. 8.2(b) provides further insight into the performance of the refined

model:

• As expected, the improvement ratio is decreasing as the sizeof the expert set in-

creases.

• There is still a substantial improvement to the expert modeleven when there is just

one song used for refinement, i.e., the refinement set is of equal size to the unseen

test set.

• Less predictably, the difference between the improvement ratios of the refined and
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the goal models is almost constant. This shows that the difference between the dis-

placement of the refined model from the perfect model and the displacement of the

goal model from the perfect model varies in the same way as thedisplacement of the

expert model from the perfect model, i.e., at two different expert set sizesi, j:

δi(Sr,Dr, Sp,Dp)− δi(Sg,Dg, Sp,Dp)

δi(Se,De, Sp,Dp)
≈

δj(Sr,Dr, Sp,Dp)− δj(Sg,Dg, Sp,Dp)

δj(Se,De, Sp,Dp)

The reason for this is that the convergence of the refined model and the goal model

curves in Fig. 8.2(a) are caused by approximation errors in the expert model.

In terms of classification performance, the goal and the refined models are virtually indis-

tinguishable.100% accuracy on the training set is achieved by both of them in allmeasures,

i.e., there are no false positives or negatives for the refinement and expert sets. Figures 8.3

and 8.4 summarise the performance on the test song. Figure 8.3(a) shows the performance of

the three models in recognising themes, disregarding the theme’s time stamp and the fact that

themes may occur more than once in the song. Both the goal and the refined model recognise

roughly 80% of the themes that should be recognised in the test song. The average number

of themes per song is8, out of which the two models recognise roughly6.3, on the average.

The themes which are not recognised are usually the ones which do not contain a large number

of phrase repetitions, e.g. the transition themesT56 andT24, or themeT6, which consist of a

single phrase. The reason for this is that the recognition ofthe themes is linked to the correct

recognition of one or two phrases, which may be prevented by insufficient generalisation.

The picture is different for the recognition of themes with their correct time stamp, Fig.

8.3(b). The performance of the goal and the refined model are still very similar, but they both

have a low recognition ratio. Only about40%, of the themes in each song are recognised

with the correct stamp. The reason for the low recognition ratio at the theme level is the

accumulation of error from lower levels. In other words, a theme will not be recognised, unless

all of the lower-order events which support it are correctlyrecognised. If one subphrase is not

recognised with the correct time stamp, the corresponding theme will not be recognised either.

The goal and the refined models are not general enough to coverall ten songs and recognise

correctly all events in the test song. However, they do recognise most of the events correctly.

Figure 8.3(c) shows that about90% of phrases and subphrases are correctly recognised by

the goal and the refined models; the latter having a slightly lower recognition ratio, due to its

tighter coverage of the refinement set. The10% error at the level of subphrases and phrases is
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sufficient, though, to cause the larger error at the theme level.
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Figure 8.3: Recognition ratio, full supervision with context-sensitive units.

Similar results are acquired for the misrecognition ratiosshown in Fig. 8.4. The expert

model starts with a theme misrecognition ratio of1, Fig. 8.4(a), when the expert set is very

small, meaning that even the small number of themes that are recognised are not correctly

stamped, and the situation improves with the size of the expert set. For lower-order events,

Fig. 8.4(b), the performance of all models is better, the goal and the refined model having only



CHAPTER 8. EXPERIMENTS ON THE WHALE SONGS 250

about5% of the recognised events incorrectly stamped.
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Figure 8.4: Misrecognition ratios, full supervision with context-sensitive units.

One cause for concern in the above results is the size of the standard error in the per-

formance estimates, particularly in the theme recognitionand misrecognition ratios. This is

caused by the small number of themes involved. For example, the misrecognition of one theme

in song 4 causes a change of14 percentage points in performance. However, even when the

error bars overlap, the order of the three models is usually the same. In other words their

performance varies in the same way for different test songs.This is always true between the

expert model and the other two. Between the goal and the refined model there are some excep-

tions, when the former outperforms the latter. An example ofthis is the misrecognition ratio in

Fig. 8.4(a), where the overly general goal model can get a worse result than the more specific

refined model.

In summary, the refinement algorithm has achieved the expected performance in this exper-

iment, improving the expert model to reach the goal. According to all criteria that were set, the

goal performance has been reached, irrespectively of the size of the expert set, i.e., the amount

of information included in the expert model. These results serve as a basis for comparison with

the more complex tasks.
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8.2.2 Context-free units (II)

With the use of context-free unit types the many-to-one mapping of units to subphrases, is

replaced by a many-to-many one, where units are reused in several theme definitions. The

main effect of this on the refinement task is an increase in thenumber of negative examples

generated for subphrases. For example, a sequence of three units B,C,B will generate an

example forSP41, even if in reality it is a subsequence ofSP51. However, the number of

negative examples is reduced by the generation of artificialfeedback data. As mentioned in

section 7.4, the training feedback is generated by the perfect context-free model, in order to

avoid non-excludable negative examples. Thus, in the example above, both theSP41 and the

SP51 subphrases will be included in the feedback data, generating two positive examples. The

reason for this is that the perfect model cannot distinguishbetween the two subphrases. The

remaining negative examples are easily excludable and willbe ignored, becauseβ = 1.0.

As a result of the above simplification of the task, the performance of the refinement al-

gorithm is similar to that in the first experiment. Similar toFig. 8.2(a), Fig. 8.5 shows the

displacement of the three generated models from the perfectone. The results are almost iden-

tical to those in Fig. 8.2(a). The only difference between the two figures is a small shift in each

of the curves, which is due to the structural differences of the two models and approximation

errors in the translation of the context-sensitive models to context-free ones. An example of

the former situation is the merging of the context-sensitive e ande′ units into a common unit

typeD. The translation of context-sensitive to context-free definitions, reduces the size of the

expert models and therefore their displacement from the perfect model. On the other hand,

there are inaccuracies in the translation, which have the opposite effect. An example of this is

the translation of the definition for themeT7. In the context-free model, this theme is merged

with T6, to giveT6/7. However, the phraseP6 is not explicitly modelled, because the theme

consists always of a single phrase, and so there is no information about the duration ofP6 to

be used for the definition ofT6/7. As an approximation, the duration ofP6/7 is set solely by

T7 and does not necessarily coverT6. This type of error, increases the displacement of the

translated models, expert and goal, from the perfect model.The two types of error counteract

to cause small shifts in the three curves of Fig. 8.5.

The fourth curve in Fig. 8.5 corresponds to the pseudogoal model, which is generated auto-

matically from the context-free data. As mentioned in section 8.1.4, this model is overly general



CHAPTER 8. EXPERIMENTS ON THE WHALE SONGS 252

1 2 3 4 5 6 7 8
number of experts

0

500

1000

1500

2000

dis
ta

nc
e 

fro
m

 p
er

fe
ct 

m
od

el

Experiment 2
Clustered unit types

Expert
Goal
Refined
Goal 2

δ
[t

im
e

-u
n

its
]

size of the expert set[number of songs]

pseudogoal
refined model
goal model
expert model

Figure 8.5: Displacement results, full supervision with context-free units. The fourth curve
corresponds to the overly general pseudogoal model.

and has a large displacement from the perfect model. Interestingly, however, the classification

performance of this overgeneralised model is better than that of the others. This is shown in

Fig. 8.6, where the overgeneralised model recognises in average about one theme more than

the goal and the refined model do and at the same time has fewer theme misrecognitions. This

is a result of the fact that only the lower levels of the TCN areoverly general. At the higher

levels there are not many differences between the context-free and context-sensitive models

and the automatic initialisation generates similar parameter settings. In the classification stage,

the expected effect of overgeneralisation is the misrecognition of events. At the theme level,

the temporal constraints are set correctly, preventing misrecognition. In fact, the low misrecog-

nition ratio of the overgeneralised model, shows that this is preferable to an undergeneralised

model. The goal and the refined model fail to cover some of the repeated phrases in the themes

of the test song, resulting in either incorrect time stamps or failure to recognise the theme, if it

consists of only one or two phrase occurrences. On the other hand, the overgeneralised model,

recognises more of the occurring phrases, some of which are rejected by the theme definitions.

This argument is verified by the high misrecognition ratio ofthe overly general model at the

subphrase and phrase level, Fig. 8.7.

Another unexpected phenomenon, appearing in Fig. 8.6(a) isthe higher theme recognition

ratio of the refined model from the goal for some expert set sizes. This is due to the translation

errors mentioned above. For example, the refined model contains the correct parameter settings
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for the definition ofT6/7, i.e., those needed to cover the refinement set, while the goal is

undergeneralised. For this reason the recognition performance of the refined model can be

higher than that of the goal model.
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(b) Theme occurrence misrecognition.

Figure 8.6: Theme recognition and misrecognition ratios, full supervision with context-free
units.
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Figure 8.7: Phrase/subphrase misrecognition ratios, fullsupervision with context-free units.
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8.3 Refinement under partial supervision

Under partial supervision, the refinement task becomes morecomplex. The feedback data

consist of only the theme occurrences that are required to berecognised and all other events

are treated as hidden. The refinement algorithm constructs all of the examples which could

potentially be of interest and allocates to phrases and subphrases the feedback that it receives

for themes, weighting the examples according to their model-based and data-based recognition

beliefs. The number of examples generated by this process ismuch larger than under full

supervision and the feedback assignment algorithm is responsible for labelling most of them as

negative. The large number of resulting negative examples does not affect the search for new

parameter settings, because negatives are ignored by setting β = 1.0.

The extensive use of repeating events in the model of the songcauses a technical problem

under partial supervision, namely a combinatorial explosion in the number of generated exam-

ples. This is especially true for the themesT1 andT2, which combine the following features:

• The themes consist of large numbers of phrase repetitions.

• One of their subphrases is also a long sequence of repeated units.

Despite the simplifying assumptions in the handling of repeating events, presented in section

5.6.2, the above combination of repeating events causes substantial problems. A number of

subsumed subphrase examples are generated, which lead to anequally large number of phrases

and to a much larger number of themes. The result is an exponential increase in the size of

the relative event support trees (RESTs). In the condensed REST format, which is used in the

forward construction phase, the effect is not very large. However, the refinement algorithm

requires the RESTs to be flattened and in some cases the memoryrequirements for this trans-

lation are prohibitively high7. The problem is worse as the size of the refinement set increases,

i.e., for small expert sets, but can be solved by replacing large songs in the refinement set,

e.g. song 1, with smaller ones, which the random selection process has allocated to the expert

set. This is done in roughly equal proportion for context-sensitive and context-free units and is

discussed in more detail in the following sections.

7There are cases where the flat REST consists of more than108 nodes.
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8.3.1 Context-sensitive units (III)

Refinement of the context-sensitive model is the easier of the two partial supervision tasks,

since for a particular sequence of units there is usually just one subphrase that can be recog-

nised. The main problem here is caused by repeating events, which, as mentioned above, cause

the construction of many negative examples. Further to the problem of handling the large

number of examples, this can sometimes lead to unavoidable errors in the refinement. As an

example, assume the following sequence of recogniseda units and simplify the definition of

SP11 to require1 to 12, instead of4 to 12 repetitions (see Fig. 7.3(a), chapter 7) ofa:

a(0, 2), a(3, 5), a(7, 8), b(9, 15), c(17, 20), d(22, 30),

which should lead to the recognition ofSP11(0, 8), SP12(9, 30) andP1(0, 30). Assume also

that initial parameter ranges are defined as follows:

duration(SP11, a, [2..4]),

duration(SP12, b, [5..8]), duration(SP12, c, [3..6]), duration(SP12, d, [5..8]),

distance(SP11, a, a, [1..4]), distance(SP12, b, c, [2..8]), distance(SP12, c, d, [1..5]),

duration(P1, SP11, [4..20]), duration(P1, SP12, [12..30]),

distance(P1, SP11, SP12, [1..5]),

where the only required change is to expand the duration constraint ona from [2..4] to [1..4].

In the forward construction of example sequences, the abovesequence ofa units will lead to

the following examples forSP11:8

SP11(0, 2) : a(0, 2)

SP11(0, 5) : a(0, 2), a(3, 5)

SP11(0, 8) : a(0, 2), a(3, 5), a(7, 8)

SP11(7, 8) : a(7, 8)

Suppose now thatP1(0, 30) is correctly labelled positive by the feedback allocation algorithm.

The problem is which of the fourSP11 subphrases will be chosen to supportP1(0, 30). The

desired answer is the third sequence. However, the algorithm will choose the second, as it does

not require any changes to the initial parameters. This typeof problem accounts for many of

the errors that were made by the refinement algorithm in the experiment.

8Subsumed subsequences which satisfy the initial ranges arenot generated, (see section 5.6.2, chapter 5).
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Figure 8.8: Displacement results, partial supervision with context-sensitive units. The fourth
curve corresponds to the refined model under full supervision and is included to facilitate the
comparison of the tasks.

Figure 8.8 presents the results for the three models, in terms of displacement from the

perfect model. In addition, the displacement of the refined model under full supervision is

included for comparison. This curve is not identical to thatin Fig. 8.2(a), as some of the

random splits between expert and refinement set have been rearranged. There is one such

rearrangement when the expert set size is3, three when it is2 and nine when it is1. In almost

all cases the rearrangement was done by replacing song1, which is the largest, in the refinement

set with a smaller song from the expert set.9 This rearrangement of the experimental setup has

the following effects:

• The expert and goal models are further generalised, at the smaller expert set sizes and

therefore their displacement from the perfect model is reduced.

• There is very little variance in the performance of the expert model for expert set size

of 1, as the same song, song1 is used to build the expert set in nine out of ten runs.

• The refined model, under partial supervision seems to be adversely affected by the

rearrangement. This is not the case under full supervision,where there is a small

improvement. This improvement is due to the more general expert model (see section

8.2.1). The detrimental effect under partial supervision is not easily explainable by a

single phenomenon.

9There is just one exception to this where song2 was swapped, because song1 was used as the test set.
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Overall, the performance of the refinement algorithm is not much worse than under full

supervision, despite the substantial reduction in feedback information. This is also verified

by the results according to the other criteria. Figure 8.9 presents the theme recognition and

misrecognition ratios, which draw a similar picture as the displacement results. The results

acquired for subphrases and phrases are similar and for thisreason they are omitted. The

lower misrecognition ratio of the refined model under partial supervision, for small expert sets,

indicates that the rearrangement of the experimental configuration causes undergeneralisation

of the model, which agrees with the displacement results in Fig. 8.8.
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Figure 8.9: Theme recognition and misrecognition ratios, partial supervision with context-
sensitive units.

8.3.2 Context-free units (IV)

The use of context-free unit types under partial supervision complicates the task substantially.

Due to the extensive sharing of unit types between subphrases, there are many more possi-

bilities of generating event examples and the task of the refinement algorithm is to select the

true positive ones. The feedback data for this task is identical to those in experiment III, i.e.,

correctly stamped theme occurrences. Hence there is no additional information provided by

artificial data. One effect of the additional complexity of the task is that the memory require-

ments for the flat RESTs increases. As a result two more experimental configurations needed
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to be rearranged, in order to have ten runs at each examined size of the expert set. One at the

expert set size of3 and one at2.

The results acquired in this experiment are very encouraging. The performance of the algo-

rithm, according to all the criteria used, is almost identical to that using context-sensitive units.

Figures 8.10 and 8.11 show the performance of the algorithm in terms of the displacement of

the refined model from the perfect model and the theme recognition and misrecognition ra-

tios. The results for phrases and subphrases are similar. Thus, the increased uncertainty in the

definition of the context-free model does not seem to affect the performance of the refinement

algorithm.
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Figure 8.10: Displacement results, partial supervision with context-free units. The fourth curve
corresponds to the refined model under full supervision.

8.4 Varying the parameters for refinement

The refinement algorithm uses two parameters,β andγ, which were set for the four experi-

ments described above to problem-specific values. The first,β, which is the relative weight

between positive and negative examples, was set to ignore negative examples completely, i.e.,

β = 1.0. The second,γ, which provides the relative strength between the model andthe data,

was set at different values for full and partial supervision. For full supervision it provided a
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Figure 8.11: Theme recognition and misrecognition ratios,partial supervision with context-
free units.

bias for data,γ = 0.9, while under partial supervision data and model information was com-

bined in a unbiased way, i.e.,γ = 0.5. This section examines the dependence of the acquired

results on the choice ofβ andγ values. The investigation is limited and is only intended to

give an indication of the effect of the two parameters, rather than be an exhaustive analysis of

the behaviour of the algorithm.

For this experiment, only one configuration of songs is used,i.e., the songs in the expert,

refinement and test set are fixed throughout the experiment. Each of the two parameters is

varied in turn, while the other remains fixed at the value assigned to it in the corresponding

experiment. This process is repeated for each of the four experiments described in the previous

sections. The experimental configuration which was used consists of six songs in the expert

set and three in the refinement set. This size of refinement setwas chosen on the basis of

computational cost and room for improvement, i.e., large enough displacement of the expert

model from the perfect. Out of the ten configurations used in the ten-fold cross validation for

an expert set size of6, the one which achieved an improvement ratio closest to the mean was

chosen. The reason for using the displacement measure in theselection of the configuration

was that its standard error for the ten runs was smaller than that of other measures. For the

same reason, the displacement criterion is used in the rest of the investigation in this section.
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Figure 8.12 presents the acquired results under full supervision. Each graph combines the

results for both parameters and includes for comparison theδ values for the expert and the goal

model. The behaviour of the algorithm with context-sensitive and context-free units is almost
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Figure 8.12: The effect of parameter variations under full supervision.

identical. When varying theβ parameter, the performance remains unaffected by the changes,

except whenβ = 0. At this extreme value ofβ, positive examples are ignored and since there

are no negative examples to cause a change to the model, the expert model remains almost

unaltered. There is one exception to this, which causes the small improvement of the expert

model, even whenβ = 0: if the expert model does not cover at least one positive example of

each event in the refinement set, then it is not considered to be a candidate solution. When this

happens, the candidate solution closest to the initial ranges, but not equal to them, is selected.

The behaviour of the algorithm, when varyingγ, is identical for the context-sensitive units and

almost identical for context-free unit types. This is mainly due to the effect of large parameter

windows, which make the difference between proximity values very small. Unlessγ = 0,

purity dominates in the calculation of the overall cost of candidate solutions, even when it is

given a low weight. Whenγ = 0, i.e., purity is ignored, the minimum amount of change to

the expert model is achieved, as described above. The small variation in the performance of
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the algorithm, when using context-free unit types, is due toa combination of an approximation

error in the expert model and some rare negative examples, which are not excluded by the

original ranges.10

The situation is slightly different under partial supervision. When context-sensitive units
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Figure 8.13: The effect of parameter variations under partial supervision.

are used, Fig. 8.13(a), the behaviour of the algorithm is very similar to that under full super-

vision. The main difference is the existence of more negative examples, which influence the

choice of new temporal parameters, causing undergeneralisation of the model for low values

of β. As expected, when context-free units are used, Fig. 8.13(b), this phenomenon is more

prevalent and in the extreme case ofβ = 0, the refined model becomes worse than the expert

model. Another interesting phenomenon is the effect of complete disregard for proximity, i.e.,

γ = 1: the refinement algorithm attempts to cover all positive examples, ignoring the original

parameter settings and overgeneralising the model. The refined model in this case is similar to

the overgeneralised pseudogoal model examined in section 8.3 and has a larger displacement

from the perfect model than the expert one. The results of this experiment provide an indication

10Song7, which is the only one containing an example ofSP ′

12, participates in the refinement set. The algorithm
tries to use this information to correct the initial guess for the parameters of this rare subphrase and its success is
affected by the choices ofβ andγ.
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of the difficulty of the task and reinforce the positive results presented for experiment IV, in

section 8.3.

The main conclusion from the above investigation is that theselected parameter values in

the setup of the four experiments have chosen an area of the parameter space which provides

good performance and insensitivity to small parameter variations. This is true even in the

complex task of experiment IV, where the sensitivity of the algorithm to the parameter settings

increases. In other words, if sensible, problem-specific parameter values are chosen, their exact

values are not critical.

8.5 Summary and critique

This chapter has examined the performance of the algorithms, developed in the thesis, on the

task of refining models of the whale song. The algorithms havebeen shown to handle the task

at various levels of difficulty. They have improved in all cases the model initially provided

to them and brought it close to the estimated upper limit of their performance. Particularly

interesting are the good results acquired for the most difficult and realistic variant of the task,

i.e., refinement under partial supervision, with context-free units. A further investigation was

performed, which gave some indication of the dependence of the performance results on the

choice of parameter values for the algorithms. This has shown that the exact values of these

parameters are not critical, but it is important that they are assigned sensible values, in the

context of the problem that is being tackled.

Despite their good performance, the refinement algorithms have been shown to suffer from

one major problem: exponentially increasing memory requirements. The source of the problem

is the use of flat RESTs in the search for new settings of the temporal parameters. The problem

is particularly serious for repeating events, suggesting that more work is needed to improve

the handling of this event type. In a more general context, the format of the memory structure

needs to be re-examined and optimised, so that only the necessary parts of a REST are stored,

in a more compact way.

In terms of the experimental results presented in this chapter, a desirable improvement is

that of the initialisation method, used in generating the expert, goal and perfect models. This

problem became apparent in the first two experiments, where the acquired refined models dif-

fered from the goal, due to approximation errors in the initialisation process. A more intelligent
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algorithm, designed especially for the whale song model, should be able to give more accurate

estimates of the desired model for a set of songs. This improvement was not attempted here, as

the intention was not to achieve optimal results on the particular problem, but to examine the

behaviour of the refinement algorithms.

Another area of possible improvement is in the analysis of the effects of the parametersβ

andγ. The results presented in section 8.4 are only indicative, due to the limited nature of the

investigation undertaken. A more thorough analysis is needed to gain a better insight into the

role of the parameters in refinement. An important requirement for such an analysis is the use

of improved implementations of the algorithms, rather thanthe prototypes, which have been

used here.

Finally, it should be noted again that the task which was usedin the analysis presented here,

i.e., the humpback whale song model, does not make full use ofthe features of the refinement

algorithms. In particular it does not contain overlapping events, which was a major criterion

in the design of the methods. As mentioned in chapter 7, one could artificially produce such

a problem, using the whale songs. However, before attempting such a modification of the

problem, it is useful to re-examine the unit classification method and possibly acquire auto-

matically classified data. The reason for this is that the artificial translation of context-sensitive

to context-free data, proposed in chapter 7, may introduce uncertainty in the task, which is

unrealistic or inappropriate.
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Chapter 9

Conclusions

This thesis has presented a graphical representation for event recognition
models and methods for refining the temporal parameters of such mod-
els. The proposed methods are novel and specifically tailored to event
recognition problems. The applicability of the representation and the
performance of the refinement methods have been evaluated using data
from a real-world problem, namely the thematic analysis of humpback
whale songs. In order to make the task of the thesis manageable, the
scope of the work has been restricted by a number of assumptions which
are summarised in this chapter. The main issues which were discussed in
the thesis are re-examined here, focusing on the merits and limitations of
the solutions that were adopted. Improvements to the methods are sug-
gested and extensions of scope that seem promising in the light of the
results of the thesis are examined.

9.1 Scope of the thesis

Event recognition is a central issue in many real-world problems. This thesis proposes a simple

graphical representation, which models explicitly the temporal relations between events in an

event recognition model. The main assumptions made in the representation are the following:

• The event recognition model is symbolic and events are defined hierarchically as

temporal sequences of subevents. Such a hierarchy can be represented by a directed

acyclic graph: the temporal classification network (TCN).

• The events at the lowest level of the hierarchy are assumed tobe recognised by a sep-

arate system. This low-level event recognition system provides the interface between

the digital signals and the TCN.

• The output of the low-level event recognition system is a stream of time-stamped

occurrences of events at the lowest level of the TCN hierarchy. Event occurrences

265
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are allowed to overlap.

• There are only three types of event defined in a TCN: conjunctive, disjunctive and

repeating.

• The definition of conjunctive events should specify the exact sequence of supporting

subevents, none of which may be missing for the event to be recognised.

• Limited use of negation is made by including rejecting events in a conjunctive event

definition.

• A repeating event is defined as a repetition of a single supporter. The number of

repetitions is bounded above and below.

• Each event definition contains a number of numeric temporal constraints. These

constraints specify upper and lower bounds on the duration of the subevents and the

distance between them, when the subevents are temporally related.

The main theme of the thesis is the development of refinement methods for setting the

temporal parameters in a TCN model on the basis of limited data. Three refinement methods

were presented in chapters 4, 5 and 6 respectively, each witha different scope. The first method

makes use of a space-efficient memory scheme, but is dependent on the order of presentation

of the examples. The second extends the memory scheme to avoid this problem and also uses

heuristics to deal with noise in the data. Both these methodsassume full supervision, i.e.,

training feedback for all of the events in the TCN. The third method relaxes this assumption

to partial supervision, whereby training feedback is provided for a subset of the events. The

following are further important assumptions made by the three refinement methods:

• No rejecting subevents are used in event definitions.

• The bounds on the number of repetitions in repeating events are fixed.

• The sequences of repeated subevent occurrences, which are used in the recognition

of repeating events must be unbroken, i.e., no occurrence can be skipped.

• The expert needs to provide information about the relative weight between positive

and negative examples and between the model-based and data-based fitness func-

tions. The expert should also specify the maximum displacement, i.e., parameter

window, for each parameter range.

• The model-based fitness function, i.e., proximity, treats the marginal change in all

parameter ranges in a uniform way. For instance a unit’s change in any of the duration
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constraints is equivalent to a unit’s change in any of the distance constraints.

• The feedback allocation algorithm used under partial supervision makes local deci-

sions for each event in the TCN. Thus, it ignores the dependence between events

which share the same supporting subevent.

The focus of this work has been on the development of the refinement algorithms, rather than

the optimal choice of heuristic functions. The chosen functions are simple and intuitive, but

their theoretical properties have not been examined in detail. A thorough theoretical analysis

could reveal further implicit assumptions in the choice of the functions.

The methods proposed in the thesis have been applied to the thematic analysis of humpback

whale songs. A TCN representation of the song structure was used and a small number of songs

were encoded and used as training and test data. The aim here is to test the applicability of the

representation to a real problem and evaluate the performance of the refinement methods. Some

of the assumptions underlying the experimental setup are:

• The model of the song is for one season and one population of animals.

• Exceptional components of the song need to be identified and modelled explicitly.

• Two types of unit classification were used. The first, context-sensitive, assumes that

units belonging to different themes can be distinguished even when their signal prop-

erties are very similar. The second, context-free, takes a more realistic approach,

grouping context-sensitive units into context-free unit types. The important assump-

tion is that this mapping is many-to-one, i.e., all occurrences of a context-sensitive

unit belong to the same context-free unit type.

• The goal of the refinement in all of the experiments was to generalise an overly spe-

cific initial model.

9.2 Challenging issues and solutions

9.2.1 Event recognition

The event recognition scenario examined in the thesis differs in many respects from the stan-

dard approach to event recognition. The main difference is in the symbolic nature of the input

data. The data is presented to the system as a sequence of time-stamped events, rather than the

common approach of measuring a set of signal properties at fixed time intervals. This format



CHAPTER 9. CONCLUSIONS 268

10-fold
cross-val-

idation

context-
free

clustering

RESULTS

EXPERIMENTAL

REFINEMENT

PARAMETER

EVENT

RECOGNITION

time-
stamped

data

uncertain
time

estimate

compact
represen-

tation

repeating
events negation

overlap-
ping

events

construct
training

examples

order
inde-

pendence

space
efficiency

store
repeating
sequences

refine
repeating

events
efficient
search

optimal
search

small
training

set

noise
resistance

negative
examples

partial
supervi-

sion

tentative
negative
examples

model
the whale

song

code the
whale
data

classify
units

standards
for com-
parison

perform-
ance

measures
robust

estimate

parameter
ranges

restricted
prece-
dence

explicit
model of

time

hierarchi-
cal event

definitions

repeating
event
type

rejecting
sub-

events

negative
distance

Event
Support
Trees

Relative
EST’s

parameter
windows

special
REST’s

Collapsed
REST

heuristic
best-first

branch-
and-

bound
proximity
heuristic

purity
heuristic

user-
defined
weight

feedback
allocation

remove
after

refinement

T-FFCN
model

manual
coding

automatic
goal

generation

classifica-
tion ratio,
proximity

efficient
recogni-

tion

Figure 9.1: Graphical summary of challenging issues and solutions. The work presented in the
thesis is separated into three parts: event recognition, parameter refinement and experimental
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areas. The reverse of each piece shows the solution that was adopted and the extent to which
it is judged adequate. The lighter the shade of the piece the more satisfactory the proposed
solution.

removes the need for numerical modelling of the physical properties of events, other than their

temporal properties. On the other hand, time is decoupled from the event recognition system

and requires explicit modelling. Time is modelled in a TCN with the use of constraints on the

duration of events and the distance between temporally related events. The type of temporal re-

lation and the constraints that are used are very restrictedin comparison to more general logics,

used in other temporal event recognition systems. This restriction is considered necessary for

preserving recognition efficiency. Some of the restrictiveassumptions in the temporal aspects

of the TCN may not be appropriate for all event recognition problems and the investigation of

extended representations is of interest. An issue which is considered particularly important in

the proposed temporal model is the uncertainty of time measurements in the input data. This

may be either due to the nature of the events that are modelledor due to measurement errors.

For this reason all temporal constraints are numerical ranges, rather than single values.



CHAPTER 9. CONCLUSIONS 269

An additional consideration in the design of the TCN representation is the compactness of

the model. The use of hierarchical event definitions allows the construction of compact event

recognition models, where an event can be used as a subevent in several higher-order event

definitions. This hierarchical support order of events in a TCN can be presented as a graphical

model, which gives further insight in the structure of the model. A special type of event, which

can cause a large increase in the size of a basic TCN model, i.e., a model using only conjunc-

tion and disjunction, is the repeating event. Repeating events cannot be dealt with naturally

using simple conjunctive and disjunctive event definitions, as they involve long sequences of

subevent occurrences which may also vary in length. In orderto maintain the compactness

of the representation, a special type of definition is used for repeating events, where the sup-

porting subevent is allowed to precede itself. In other words, a repeating event is modelled

as a sequence of occurrences of a single subevent, with similar temporal characteristics. A

further extension to the basic TCN representation is the useof negation in conjunctive event

definitions. Negation appears in the form of rejecting subevents, which are always temporally

associated with a supporting subevent. This restriction prevents the definition of events which

would fire continuously when their subevent did not fire. Finally, another important aspect of

the TCN representation, which distinguishes it from the common approaches to event recogni-

tion, is the handling of overlapping events. Overlapping events can be naturally modelled with

the use of negative distance constraints in the model. This is a further advantage of the explicit

handling of time.

9.2.2 Parameter refinement

Due to the peculiarities of this event recognition scenario, the task of model refinement poses

a number of challenging questions, which are not answered bystandard refinement methods.

The first such issue is the construction of training examplesfrom the given data. The train-

ing data consists of a stream of low-level, input, event occurrences and a parallel stream of

high-level, feedback, occurrences. The correspondence ofsequences of input occurrences to

the high-level occurrences is not provided and is not one-to-one, i.e., more than one sequence

of input event occurrences may cause the high-level event tofire. The proposed solution to

this problem is the construction of Event Support Trees (ESTs), which enumerate the possi-

ble supporting sequences for each high-level event occurrence. A similar process takes place
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for negative examples, i.e., sequences which could have incorrectly led to the recognition of

high-level events. An important limitation of this enumerative approach is that the number of

alternative supporting sequences can increase exponentially, especially for negative examples.

The solution initially adopted to this problem was to incrementally construct only the parts of

the EST that were needed in the refinement. This approach worked well for the incremental

refinement method (ORA),1 described in chapter 4.

However, this method was shown to be dependent on the order ofpresentation of the ex-

amples and an extended memory scheme, based on the idea of theEST has been devised. This

scheme accumulates information from a set of ESTs into a common structure called a Relative

Event Support Tree (REST), which allows batch processing ofthe training data for each event.

The problem of exponential size increase reappeared with the use of the REST and has been

only partially solved by the use of maximum displacement windows for each parameter range

in the model. These windows allow the pruning of the REST to a more manageable size. The

specification of the parameter windows is not straightforward and they do not solve the problem

completely. Therefore, the development of alternative memory schemes for order-independent

refinement is still an open issue. One approach would be to prune less promising supporting

sequences from the constructed ESTs, before adding them to the REST. The cost functions

used in the incremental refinement algorithm could be of use in this process. This idea has not

been investigated in the thesis. An additional problem withthe REST memory scheme is the

handling of repeating events. The approach taken in the thesis is to treat repeating sequences

as conjunctions of their component event occurrences. A small modification of the REST is

needed to accommodate this approach. However, this is an unnatural way to handle repeating

events and results in very large RESTs. During refinement, these RESTs are collapsed into

rectangular areas in a two-dimensional parameter space. Thus, it seems possible that a similar

approach could be taken in the initial storage of the examples for repeating events. This would

decrease the storage requirements of the memory scheme.

Refinement of the model parameters involves a search for a good set of parameters using

the data and the original model. The choice of search method is affected mainly by two criteria:

optimality and efficiency. Ideally, an efficient search method is sought, which also guarantees

the optimal solution, according to the search criteria. Such a method has been developed for the

1ORA: Optimal Refinement Algorithm.
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restricted memory scheme. It performs a branch-and-bound search, which guarantees the opti-

mal solution, and in practice avoids exhaustive enumeration. In the extended memory scheme,

a heuristic alternative (LRA)2 was preferred, because the search space is more complex. This

alternative adopts a heuristic best-first search, based on atop-down traversal of the REST. The

dependence of the search method on the structure of the REST causes brittleness to some extent

and an alternative method, which would have a more global view of the REST, might be prefer-

able. However, it seems that such an approach would be associated with higher computational

costs. This is another open issue.

The fitness function used in the evaluation of candidate solutions combines two heuristic

measures: proximity and purity. Proximity measures the displacement of the candidate solution

from the original parameter values. It is used as a model biasof minimum change which is nec-

essary due to the small size of the training set. Purity is a measure of the positive and negative

coverage of the candidate solution. Thus, it assesses the classification accuracy of the solution

in the training set. Overtraining to noise in the data is avoided by the use of the proximity bias

and the tolerance of less than perfect classification. The chosen proximity, purity and combined

fitness functions are very simple and their properties have not been examined in detail. This is

another area were further work is necessary. Especially problematic is the treatment of nega-

tive examples, which can affect significantly the performance of the refinement algorithm. All

sequences of low-order events, which can cause the incorrect recognition of a high-order one,

are used as negative examples. The number of such sequences can be very large in some cases,

threatening to dominate the search. The adopted solution tothis problem is the rescaling of

positive and negative examples and the automatic removal ofnegative examples which should

not affect the search. An alternative method, which would assess the importance of negative

examples in the search for good solutions, would be preferable.

Refinement under partial supervision introduces additional difficulties. Training feedback

is provided only for the output nodes of the TCN and a method isneeded to deduce the classifi-

cation of intermediate, hidden, events. The adopted solution is a feedback allocation algorithm

(RAPS),3 which uses model-based, i.e., proximity, information to guide the allocation of feed-

back to the hidden events. The feedback allocation algorithm combines a number of heuristic

functions, providing evidence accumulation and feedback distribution at different stages. The

2LRA: Lazy Refinement Algorithm
3RAPS: Refinement Algorithm under Partial Supervision.
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choice of these functions is again based on intuition ratherthan sound theoretical analysis and

there is room for improvement. Among the technical problemsfaced in the design of the feed-

back allocation algorithm, one which is of particular importance is the treatment of negative

examples. Due to the fact that there is no direct feedback foreach event in the model, there is a

large number of events which are tentatively recognised until training feedback is received and

allocated through the network. The first problem caused by this approach is an increase in the

size of the RESTs, which is not dealt with in the thesis. A further problem is the fact that most

of these events are negative examples, which can be excludedin a large number of ways. Since

the feedback allocation algorithm makes local decisions ateach node of the TCN, the danger

of placing a higher weight than necessary on negative examples increases. A partial solution to

this problem is adopted, which ignores event occurrences supporting higher-order events when

the latter have been excluded by refinement. Further work is required in this area, aiming at

more informed decisions in the allocation of feedback.

9.2.3 Experimental results

The proposed methods have been applied successfully to a real-world problem. The structure of

the humpback whale song is hierarchical, consisting of units, subphrases, phrases and themes.

Thus, the TCN is a suitable modelling method for the song. Thetemporal structure of the song

is also easily represented in the TCN and the resulting modelhas been shown to provide robust

event recognition, when the temporal parameters are set correctly. One important aspect of the

TCN, which is not tested with the whale song data, is the effect of overlapping events. Some

suggestions have been made in chapter 7 to introduce this feature artificially to the problem,

but they have not been implemented.

The transcription of the whale song data used in the experiments suffers in two ways.

First, the low-level event occurrences, units, have been coded manually, using photocopies of

spectrogram logs. This method is bound to introduce some inaccuracy and does not allow

the transcription of a large quantity of data. A large data set would be desirable to test the

performance of the system. The second problem in the transcription process is the classification

of units. The initial transcription has been done using context-sensitive units. This is clearly an

unrealistic assumption and an attempt to relax it, by grouping the context-sensitive units into

context-free units types, was made. These unit types are defined in terms of signal properties
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and could be used as a naive unit classifier. If this was the waythey were used, however, they

would not provide the discrimination between units, which is assumed by the many-to-one

mapping between context-sensitive units and context-freeunit types. Proper treatment of the

data requires the digitisation of the recordings and the automatic extraction of properties from

the digital signal. In addition, a context-free unit classifier should be used to extract the training

data.

Four experiments have been performed with the whale song data, evaluating the perfor-

mance of the full and partial supervision refinement algorithms with context-sensitive and

context-free data. Due to the shortage of data, the evaluation of the performance of the re-

finement methods presents a further challenge. The adopted solution was to perform a 10-

fold cross-validation, varying also the degree of difficulty for the refinement task. A simple

problem-specific algorithm has been developed which generates the initial model from data

and can also be used to generate an approximation of the goal model after refinement. The

initial model is overly specific and the refinement involves only generalisation. The degree of

difficulty for the refinement varies with the amount of data used to build the initial model. The

generalisation-only refinement task is a shortcoming of theexperimental approach. A different

approach, which overcomes this problem, would be to start with the perfect model and add a

variable amount of random noise. An additional advantage ofthis alternative is that the target

for the refinement is known exactly, while in the adopted approach it can only be approximated

by the model-construction algorithm. The refined model is evaluated using both data-based,

i.e., classification on unseen data, and model-based, i.e.,proximity, performance measures.

According to both criteria the performance of the methods isencouraging.

9.3 Extending the scope

As explained above, there is room for improvement in many aspects of the proposed methods.

Some suggestions in this direction have been given in the previous section. Additionally, the

modelling and refinement approaches could be extended to become applicable to a wider class

of problems. This section examines interesting extensionsof this type.

One of the restricting assumptions in the TCN representation is the rigidness of logical

definitions. For example, the requirement to recognise all of the supporting subevents of a con-

junctive event may lead to problems when a low-level event isnot recognised due to noise in
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the signal. This would cause a chain of recognition failuresin the hierarchy of event definitions.

An alternative approach would be to use probabilistic evidence combination, which is a popular

method of dealing with classification under uncertainty. Inthe case of the TCN, conjunctive

events would perform a weighted combination of evidence on the recognition of their support-

ers and the output would be a belief measure on the recognition of the event. The weights used

in the combination function would reveal the dependence of the higher-order event on its sup-

porter. This idea would also facilitate the development of aprobabilistic feedback allocation

method, since the TCN could be treated as a probabilistic graphical model. One drawback of

this approach is the specification of probabilities in the model. If these are to be learned from

data, the assumption of a small training set needs to be relaxed.

Removing the restriction of a small data set would also allowthe extension of the refine-

ment method to deal with model restructuring. The goal of restructuring is to improve the

classification performance of the system, by modifying the structure of the TCN, i.e., remov-

ing and adding nodes and links in the network. One way to approach this problem would be to

use the results of the parameter refinement search as a guide for promising structural modifica-

tions. For example, if the parameter change required to cover a positive example is too costly

or even impossible due to negative examples, a structural change of the event definition might

yield better results. This approach can be naturally combined with the probabilistic classifica-

tion model, mentioned above. For example, thresholds for the dependence weights could be

introduced, below which the corresponding link would be removed.

Another interesting extension is to allow recognition information to be fed back to the low-

level event recognition system. This feedback can take place both in the recognition and in

the refinement stages. During recognition it would allow contextual information to be taken

into account in the recognition of low-level events. Whether or not this approach is useful will

depend on the importance of correct classification at this low level. In the refinement stage

the feedback could suggest changes to the low-level event recognition system, which would

improve the overall recognition performance. An example would be the search for an event

which has not been recognised due to noise in the signal, but is needed for the recognition

of a higher-order event. This interaction between the symbolic and signal processing levels

of event recognition systems has also been noted by the developers of the blackboard-based

system IPUS [51].
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Some event recognition tasks require the integration of a temporal with a non-temporal

model. An example of this type of task is the integration of grammar and vocabulary in a

speech recognition system. As mentioned in chapter 3, the TCN can be seen as a simple

grammar, which is augmented with temporal constraints. Therefore, the representation could

be extended to facilitate an integrated model, by allowing non-temporal event definitions. Thus,

the concept of anoun could be defined as the disjunction of all nouns in the vocabulary. Using

such disjunctive definitions as an interface, a TCN can be used to model the words of the

vocabulary and a non-temporal classification network can provide the grammar model.

Finally, it is clear that further evaluation of the proposedmethods is needed. The good

performance of the methods on one example application does not prove their applicability in

general. The evaluation on a problem where overlapping events are used would be particularly

interesting.

9.4 Summary

This thesis has explored the task of refining the temporal parameters of a hierarchical event

recognition model using a small data set. The solution involves two important features: a new

graphical representation for the event recognition model and novel parameter refinement meth-

ods that are tailored to this representation. These ideas have been implemented in a system

which was evaluated on a real-world task: the thematic analysis of songs of the humpback

whale. The results of this experiment were encouraging, showing that the system is able to im-

prove significantly an initially inaccurate model, even with the use of very limited training data.

Restrictions of the methods have been indicated, which present opportunities for improvement.

In addition, the proposed methods can be extended in variousways to become applicable to

a wider range of related problems. Overall, the task of eventrecognition has been viewed in

a novel way and plausible solutions to the challenging issues that arise have been provided.

Moreover, the positive results on the whale song problem suggest the practical utility of the

methods.

Numerous challenging questions have been generated in the course of the work presented

in this thesis and a large number of them remain unanswered. This observation suggests that

event recognition and in particular the automatic construction of event recognition systems

from data is an exciting new research area.
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Appendix A

Inference algorithms

This appendix presents a detailed pseudocode description of the inference algorithm for tem-
poral classification. The elastic temporal distance relation is used for defining precedence se-
quences in event definitions. Events are related to their subevents with the use of the following
two predicates:

supports(aj, ei, en, ((al, (s
−
j , s+

j )), (d−j , d+
j ))),

rejects(aj, ei, en, ((al, (s
−
j , s+

j )), (d−j , d+
j ))),

where:en is the event being defined,
ei the supporting/rejecting subevent,
aj a unique label for this particular use ofei in en, i.e., if ei is used

again in the definition ofen it will have a different label,
al the label of the subevent whichaj precedes or ‘?’ if aj is terminal,
(s−j , s+

j ) the distance range betweenaj andal or (?, ?) if aj is terminal,
(d−j , d+

j ) the duration range forei.

Thus, these two predicates include all the information for the corresponding subevent.
The main inference algorithm is presented in Alg. A.1 and corresponds to the narrative de-

scription given in Alg. 3.1. It receives a set of0-order occurrences, updates their node histories
and propagates the recognition forward through the TCN. This algorithm makes use of thefires
andfires-rep algorithms which evaluate an event definition. These algorithms correspond to
theevaluate-definitionalgorithm in Alg. 3.1. The former algorithm, presented in Alg. A.2, is
responsible for conjunctive and disjunctive events, whilethe latter, presented in A.4, deals with
repeating events. Thefires algorithm allows for more than one potential terminal subevent in a
conjunctive definition, i.e., temporally independent precedence sequences. Each such sequence
is evaluated by thefires-terminal algorithm, Alg. A.3.

Thefires-terminal algorithm presented in Alg. A.3 has a higher worst-case computational
complexity than necessary. This is because it enumerates recursively all possible sequences
of subevent occurrences. In order to improve its efficiency,the algorithm can be modified to
work in a breadth-first manner, i.e., select all valid subevent occurrences before moving to the
preceding subevent. Duplicate subevent occurrences can then be removed, as they correspond
to the same higher-order event. In average, the branching factor of this search is expected to be
quite low and the performance of the two alternatives similar. Recursive enumeration has been
chosen here, simply because it is also used in the refinement algorithms in appendices D, E.

In addition to the inference algorithm, two pre-processingalgorithms are presented. The
evaluate-distancesalgorithm, Alg. A.5, checks the consistency of the temporalconstraints,
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ensuring partially that the qualitative constraint is not violated. This check is only partial, due
to the use of constraint ranges, rather than single integer values. The conditions which need to
be adhered to are the following:

1. A subevent cannot be preceded by two or more supporting ones.
2. A subevent cannot precede two or more others.
3. A rejecting subevent cannot be preceded.
4. Non-terminal subevents precede one other.
5. The maximum duration of the preceded subevent must be greater than the minimum

distance from the preceding one, multiplied by−1.
6. A rejecting subevent cannot be terminal.
7. Disjunctive events should be supported only by terminal subevents.
8. Repeating events must be supported by a single subevent, which precedes itself.

This is calledself-preceded subevent.
9. A self-preceded subevent cannot be preceded by a different subevent.

10. A self-preceded subevent must support a repeating event.
The second pre-processing algorithm,history-sizes, Alg. A.6, calculates the history sizes

of individual events, based on the relations in which their subevents participate. This is achieved
by recognising the terminal subevent in a definition and propagating the temporal constraints
back through the precedence sequence.
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Input: F : list of new occurrences.

Output: F : updated list of all recognised events.

Globals: G = (E, S, R): the model, in whichE is the set of events in the partial support order,S
thesupports andR therejects predicates;H: the database of all local node histories.

TCN(F ) :

∀e ∈ E: % for each event, in partial order
% process each of the new supporting subevent occurrences: (usually there will be just one)

∀ei(t
−

i , t+i ) ∈ F, ∃ supports(aj, ei, e, ((al, sj), (d
−

j , d+
j ))) ∈ S ∧ (t+i − t−i ) ∈ [d−j ..d+

j ]:
IF disjunctivea(e): (f, T−)← (1, {t−i })
ELSEIF repeatingb(e):

repetitionsc(e, (n−, n+)), (ei, Hi) ∈ H
H ′

i ← Hi\{ei(t
−

i , t+i )} % remove terminal
(f, T−)← fires-rep(t−i , H ′

i, sj , dj , n
−, n+, t−i , 1)

H ′

i ← Hi

⋃

{ei(t
−

i , t+i )} % add terminal again
ELSEIF al =?: % terminal for conjunctive

(f, T−)← fires(e, aj , t
−

i )
ELSE: (f, T−)← (−1, {})
ENDIF
IF f = 1:

∀t− ∈ T−:
F ← F

⋃

{e(t−, t+i )} % update list of firing nodes
IF ¬disjunctive(e):

H ← H \(e, H)
H ← H

⋃

{e(t−, t+i )}
H ← H

⋃

(e, H) % update history
ENDIF

ENDIF

aSucceeds if the event is disjunctive.
bSucceeds if the event is repeating.
cReturns the repetition bounds.

Algorithm A.1: Pseudocode for the temporal classification algorithm.
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Input: e: the conjunctive event;aj : the terminal subevent;t−i : the start of the terminal subevent
occurrence.

Output: f : flag of successful evaluation, i.e., recognition ofe; T−: set of alternative start points,
if more than one sequences of subevents satisfy the constraints.

Globals: G = (E, S, R): the model;H: the database of all local node histories.

fires(e, aj, t
−

i ) :

(f, T−)← fires-terminal(e, aj, t
−

i , t−i )
IF f = −1: RETURN (f, T−)
%Deal with temporally independent subevent sequences:
∀ supports(al, en, e, ((?, (?, ?)), (d−l , d+

l ))), al 6= aj ∧ (en, Hn) ∈ H:
∀en(t−n , t+n ) ∈ Hn ∧ (t+n − t−n ) ∈ [d−l ..d+

l ]:
Hn ← Hn\{en(t−n , t+n )} % remove terminal
(f, T−

n )← fires-terminal(e, al, t
−

n , t−n )
Hn ← Hn

⋃

{en(t−n , t+n )} % add terminal again
IF f = −1: RETURN (f, T−

n ) ELSE: T− ← T−

n

⋃

T−

RETURN (f = 1, T−)

Algorithm A.2: Pseudocode for the evaluation of conjunctive event definitions.

Input: e: the conjunctive event;aj: the currently examined subevent in the sequence;t−i : the start
of the subevent occurrence;t−: the start of the occurrence ofe, as calculated so far.

Output: f : flag of successful evaluation, i.e., recognition ofe; T−: set of alternative start points
for e.

Globals: G = (E, S, R): the model;H: the database of all local node histories.

fires-terminal(e, aj, t
−

i , t−) :

T− ← {}, f ← −1
IF (∃ supports(al, en, e, ((aj , (s

−

n , s+
n )), (d−n , d+

n ))) ∈ S ∧ (en, Hn) ∈ H):
∀en(t−n , t+n ) ∈ Hn, (t+n − t−n ) ∈ [d−l ..d+

l ] ∧ (t−i − t+n ) ∈ [s−l ..s+
l ]:

IF t−n < t−: t− ← t−n
Hn ← Hn\{en(t−n , t+n )} % remove occurrence
(f, T−

n )← fires-terminal(e, al, t
−

n , t−)
Hn ← Hn

⋃

{en(t−n , t+n )} % add occurrence again
IF f = 1: T− ← T−

n

⋃

T−

IF f = −1: RETURN (f, T− = {})
ELSE: f ← 1, T− ← {t−} % Start of precedence sequence
ENDIF
∀ rejects(al, en, e, ((aj , (s

−

n , s+
n )), (d−n , d+

n ))) ∈ R ∧ (en, Hn) ∈ H:
IF (∃en(t−n , t+n ) ∈ Hn ∧ (t+n − t−n ) ∈ [d−l ..d+

l ] ∧ (t−i − t+n ) ∈ [s−l ..s+
l ]):

RETURN (f = −1, T− = {})

RETURN (f, T−)

Algorithm A.3: Pseudocode for the evaluation of a single precedence sequence.
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Input: t−i : the start of the subevent occurrence;Hi: the local node history for the subevent;sj , dj :
constraints on the subevent;n−, n+: the upper and lower limits of repetitions;t−: the start
of the event occurrence, as calculated so far;n: number of repetitions so far.

Output: f : flag of successful evaluation, i.e., recognition ofe; T−: alternative start points fore.

Globals: G = (E, S, R): the model.

fires-rep(t−i , Hi, sj , dj , n
−, n+, t−, n) :

T− ← {}, f ← −1
IF n > n+: RETURN (f = −1, T− = {})
IF (n < n− ∧ ∄ei(t

−

n , t+n ) ∈ Hn ∧ (t+n − t−n ) ∈ dj ∧ (t−i − t+n ) ∈ sj):
RETURN (f = −1, T− = {})

∀ei(t
−

n , t+n ) ∈ Hn ∧ (t+n − t−n ) ∈ dj ∧ (t−i − t+n ) ∈ sj:
IF t−n < t−: t− ← t−n
Hn ← Hn\{en(t−n , t+n )} % remove occurrence
n1 ← n + 1
(f, T−

n )← fires-rep(t−n , Hi, sj , dj , n
−, n+, t−, n1)

Hn ← Hn

⋃

{en(t−n , t+n )} % add occurrence again
IF f = 1: T− ← T−

n

⋃

T−

IF f = −1: RETURN (f, T− = {})

RETURN (f, T−)

Algorithm A.4: Pseudocode for the evaluation of a repeating event definition.

Input: G = (E, S, R): the model.

Output: T/F.

evaluate-model(G = (E, S, R)) :

∀supports(aj , en, ei, (rj , dj)) ∈ S :
IF ∃supports(al, em, ei, ((aj , sl), dl)) ∈ S :

IF (∃supports(al, em, ei, ((aj , sl), dl)) ∈ S ∧ al 6= ak): RETURN F%Rule 1
IF (dj = (d−j , d+

j ) ∧ sl = (s−l , s+
l ) ∧ d+

j < −s−l ): RETURN F %Rule 5
IF (∃supports(aj , en, ei, (r

′

j , d
′

j)) ∈ S ∧ r′j 6= rj ∧ d′j 6= dj)∨
(∃rejects(aj , en, ei, (r

′

j , d
′

j)) ∈ R ∧ r′j 6= rj ∧ d′j 6= dj): RETURN F%Rule 2
IF (rj = (al, sj) ∧ al 6=?):

IF disjunctive(ei): RETURN F %Rule 7
ELSEIF ∄supports(al, em, ei, (rl, dl)) ∈ S): RETURN F %Rule 4
ELSEIF al = aj: %Rules 9,10

IF (∃supports(ak, em, ei, (rk, dk)) ∈ S ∧ ak 6= aj): RETURN F
ELSEIF ¬repeating(ei): RETURN F

ELSEIF repeating(ei): RETURN F %Rule 8

∀rejects(aj , en, ei, (rj , dj)) ∈ R :
IF (∃supports(al, em, ei, ((aj , sl), dl)) ∈ S∨

IF ∃rejects(al, em, ei, ((aj , sl), dl)) ∈ R): RETURN F %Rule 3
IF (∃supports(aj , en, ei, (r

′

j , d
′

j)) ∈ S ∧ r′j 6= rj ∧ d′j 6= dj): RETURN F %Rule 2
IF (rj = (al, sj) ∧ ∄supports(al, em, ei, (rl, dl)) ∈ S): RETURN F %Rules 4+6
IF disjunctive(ei)∨ repeating(ei): RETURN F %Rules 7+8

RETURN T

Algorithm A.5: Pseudocode for the evaluation of the model structure.
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Input: G = (E, S, R): the model.

Output: HS = {(e, t+min)|e ∈ E, t+min : distance to minimum end point of “useful” events}.

history-sizes(G = (E, S, R)) :

∀e ∈ E: HS ← HS
⋃

{(e, 0)}
∀ supports(aj, en, ei, ((?, ?), (d

−

j , d+
j ))) ∈ S ∧ ¬disjunctive(ei)):

HS ← back-propagate-sizes(aj , ei, d
+
j , HS, G)

∀supports(aj , en, ei, ((aj , (s
−

j , s+
j )), (d−j , d+

j ))) ∈ S∧ repetitions(ei, (n
−, n+)):

HS ← HS\{(en, t+min)}
HS ← HS

⋃

{(en, (n+ × (s+
j + d+

j )))}

RETURN HS

back-propagate-sizes(aj, ei, dj , HS, G)
IF ∃supports(al, em, ei, ((aj , (s

−

l , s+
l )), (d−l , d+

l ))) ∈ S ∧ (em, t+min) ∈ HS:
IF s+

l + dj > t+min:
HS ← HS\{(em, t+min)}
HS ← HS

⋃

{(em, s+
l + dj)}

ENDIF
HS ← back-propagate-sizes(al, ei, (d

+
l + sl + dj), HS, G)

ENDIF
∀rejects(al, em, ei, ((aj , (s

−

l , s+
l )), dl)) ∈ R ∧ (em, t+min) ∈ HS:

IF s+
l + dj > t+min:

HS ← HS\{(em, t+min)}
HS ← HS

⋃

{(em, (s+
l + dj))}

ENDIF

RETURN HS

Algorithm A.6: Pseudocode for calculating maximum history sizes.



Appendix B

Search space for optimal specialisation

B.1 Distance-only specialisation

The task that was set for the specialisation of distance (section 4.4.2) involved the pruning of
a negative Event Support Tree (EST), by pruning all the sequences that it contains. The goal
of the algorithm is to efficiently arrive at the optimal, least-cost, set of model changes which
prune the whole tree. An indicator of the complexity of this task is the number of possible
choices that exist, i.e., the size of the search space for thealgorithm. This in turn depends on
the size of the EST and the interdependence of pruning choices, e.g. the fact that by pruning
the most expensive of a set of sibling nodes, all other siblings are implicitly pruned, too. The
size of the EST depends on two parameters:

a. Theheightof the treeh.
b. Thebranching factorb, which, for simplicity, is assumed to be uniform.

Given these parameters, the task is to calculate the size of the set of distinct solutions for prun-
ing the tree. The additional simplifying assumption which is made here is that all specialisation
takes place on the same side of the model. This set can be generated by the blind-search al-
gorithm described in Alg. B.1. In brief, the algorithm generates the children of the node,n,
proposes as a solution the pruning of the most expensive child, n1, and then recursively calls
itself for each of the children ofn1, to generate the alternative pruning solutions. Computation-
ally, the most important point is thatall of these alternative solutions, involving the children
of n1, usen2, which is the next most expensive sibling ofn1, to prune the remaining siblings
of n1. When moving fromn2 to n3 in theFOR loop, all but the first of the so far generated
solutions containn2. As a result,replace-node(n2, Z, zj , n3) applies to all of the solutions
generated byblind-search(n1) and generates a new alternative for each such solution. Thus,
if |Z1| is the number of solutions generated byblind-search(n1) and |Z2| that generated by
blind-search(n2), replace-node(n2, Z, zj , n3) generates|Z1| × |Z2| solutions, all of which
contain nown3. This property of the search is the basis for the proof of the following theorem.

Theorem 1 The size of the solution set,Z, constructed by the blind-search algorithm in Alg.
B.1, for an EST of heighth and branching factorb, is given by the(h − 1)th term of the
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Input: The noden.

Output: The setZ of solutions for pruning all the branches of the tree.
blind-search(n) :

N ← generate-children(n)
IF N = {}: RETURN {}
N ← sort-by-costa(N)
Z ← {{head(N)}}
FOR i = 1 TO length(N)

Z1 ← blind-search(ni), ni ∈ N
∀zj ∈ Z1: Z ← Z

⋃

replace-nodeb(ni, Z, zj, ni+1)
Z ← Z

⋃

Z1

ENDFOR
RETURN Z

aThe children of a node are sorted in descending cost order.
bIt replacesni, with zj andni+1, in all members ofZ.

Algorithm B.1: The blind-search algorithm, constructing the set of all possible pruning so-
lutions for distance specialisation.Z1 is a set of solutions,zj an individual solution andni a
node, which also serves as a pruning choice.

sequence:

S1 = 1

S2 = b + 1

Sn =
1− S

(b+1)
n−1

1− Sn−1
.

Proof 1 Using this recursive algorithm, the construction of the solution setZ for a tree of
heighth is achieved by the construction of equivalent sets for theb subtrees of heighth − 1.
Each solution for one subtree, provides further variants ofall the solutions in all previous
subtrees, with the use ofreplace-node. Thus, the size ofZ can be calculated by the following
recursive function:

sizeof(Z) = 1 + sizeof(Z1) + sizeof(Z1)× sizeof(Z2) + . . . +
∏b

i=1 sizeof(Zi),
sizeof({n}) = 1,

whereZi are the solution subsets as generated byblind-search. The first term in the recursive
function corresponds to pruning the root, then the solutions Z1 for the most expensive child
are calculated, then for the next most expensive,Z2, and each one is included in the members
of Z1, and so on. However, the height and branching factor of all subtrees is the same and
therefore it holds that:

sizeof(Z1) = sizeof(Z2) = . . . = sizeof(Zb).

Consequently:

sizeof(Z) = 1 + sizeof(Z1) + sizeof(Z1)
2 + . . . + sizeof(Z1)

b

=

{

(b + 1), if sizeof(Z1) = 1 or
1−sizeof(Z1)(b+1)

1−sizeof(Z1)
, otherwise.
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Moreover, it is clear that the size of the solution set is1 only for h = 2: the solution then
is to prune the most expensive child. Therefore, the result of the above recursive function is
equivalent to the(h− 1)th term of the sequence presented in theorem 1.

B.2 Specialisation of distance and duration

The search space for the specialisation algorithm increases when the choice of pruning by dura-
tion is added. The reason for this is that the number of pruning solutions increases. Moreover
there is an important difference between the two parameters: sorting the children of a node
by duration results in a different order than sorting them bydistance. When using one of the
two, the recursive blind-search algorithm of Alg. B.1 generates the complete solution set. This
ceases to be true, when the two parameters are combined. In the following discussion the as-
sumption is made that the children of a node are sorted in ascending order of distance from
their parent (i.e., decreasing specialisation cost by distance) and ascending order of duration
cost. This is a worst-case assumption. In addition, the assumption of single-sided specialisation
holds as in the previous section. Algorithm B.2 constructs the complete solution set.

Input: The noden.

Output: The setZ of solutions for pruning all the branches of the tree.
blind-search(n) :

N ← generate-children(n)
N ← sort-by-cost(N)
Z ← explicit-pruning a(N)
FOR i = 1 TO length(N)

Z1 ← blind-search(ni), ni ∈ N
∀zj ∈ Z1: Z ← Z

⋃

replace-nodeb(ni, Z, zj)
Z ← Z

⋃

Z1

ENDFOR
RETURN Z

aAll the combinations of explicitly pruning the children ofn.
bReplaceni, in all members ofZ, where it is used for pruning.

Algorithm B.2: The blind search algorithm, for specialising with distanceand duration.Zi, zi

andni are used as in Alg. B.1.

Although, in principle this algorithm is the same as the one in Alg. B.1, it differs in the
following important points:
• As was seen in chapter 4, section 4.5.2, there are more than one ways of pruning a set

of siblings explicitly. IfN = {n1, n2, . . . , nb} is the set of children ofn andd(ni)
ands(ni) are used to represent pruningni by duration and by distance respectively,
the setZ1 of solutions pruning a set of siblings is:

Z1 = {{s(n1)}, {s(n2), d(n1)}, {s(n3), d(n2)}, . . . , {s(nb), d(nb−1)}, {d(nb)}},

sinces(ni) causes the implicit pruning of{ni+1, ni+2, . . . , nb}, andd(ni) prunes
implicitly {n1, n2, . . . , ni−1}. This result is due to the worst-case assumption that
duration costs are ordered in exactly the opposite way than distance costs. As a result
there are(b + 1) solutions forh = 2. This is equivalent to the worst-case scenario,
i.e., exhaustive enumeration, for the ORAsib algorithm, Alg. 4.4.
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• The replace-nodefunction is different. Since there are now more than one waysof
pruning the siblings of a nodeni, each of the pruning solutions for the children ofni

must be added to each of the alternative solutions for pruning the siblings ofni. In
Alg. B.1 there was only one such solution, pruningni+1.

• The root node of the tree can also be explicitly pruned by duration. The result of this
is one additional solution for the whole tree.

In order to show how this algorithm constructs the solution set and illustrate the complexity
of the search space, the simple example tree presented in Fig. B.1 will be used. This tree has
h = 3 andb = 3. The number of solutions explicitly pruning all children ofthe root of the tree
is thereforeu = (b + 1) = 4, i.e., the following set:

{imp(n0) = {{s(n3)}, {s(n2), d(n3)}, {s(n1), d(n2)}, {d(n1)}}.

Note that the assumption made here is that the rightmost nodein a set of siblings has the highest
distance-pruning cost, similar to the ESTs seen so far. As a result, the leftmost sibling has the
highest duration-pruning cost. Note also that the set of solutions, corresponding to the explicit
pruning of the children of noden0 is denoted by imp(n0). Actually, the following is true for
all non-leaf nodes:

|imp(n0)| = |imp(n1)| = |imp(n2)| = |imp(n3)| = 4 = u.

For this reasonu will be used as the basic cost unit.

n0

n1

n6n5n4

n2

n9n8n7

n3

n12n11n10

Figure B.1: A simple arbitrary EST.

Figure B.2 presents a sketch of the recursive process generating the complete set of solu-
tions. In the first step, the set imp(n0) is generated as described above. As a technical trick to
aid the explanation, all the siblings which are implicitly pruned by duration are shown as being
pruned explicitly by duration. Thus, the first set of solutions becomes:

{imp(n0) = {{s(n3)}, {s(n2), d(n3)}, {s(n1), d(n2), d(n3)}, {d(n1), d(n2), d(n3)}}.

The reason for doing this is that the subset of explicit pruning solutions for the set of siblings
{n1, n2}, i.e., ignoringn3, can easily be constructed by removing{s(n3)} andd(n3) from the
remaining solutions. Thus the possible combinations for pruning{n1, n2} explicitly is:

{{s(n2)}, {s(n1), d(n2)}, {d(n1), d(n2)}}.
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Using this trick, at each recursive step, a new set of solutions is generated, by replacingd(ni),
with its imp(ni), i.e., the set of explicit pruning solutions for the children of ni. This set is
not explicitly shown in Fig. B.2, but it corresponds tou = 4 different solutions. The number
of solutions in each solution set is shown below the set. The arrows show the replacement of
d(ni) by imp(ni).

Concentrating on the number of solutions, rather than the actual solution set, the sketch
of Fig. B.2 can be translated into the tree of Fig. B.3, which reveals an interesting recursive
pattern in the arrangement of sizes of solution sets.

4

3x4

2x42

1x43

1x421x42

1x4 2x4

n 1 2 3, ,{ }∈

l
1

2
3

,
,

{
}

∈

Figure B.3: A tree showing the recursive pattern in solutionset sizes.l corresponds to the
power to which the basic unitu = 4 is raised.n is the multiplicative term in each node.

Excluding the root of the tree, this pattern is expressed by the recursive function (B.1),
which models the behaviour of Alg. B.2.

f(l, n) =

n−1
∑

i=0

(n− i)ul +

n−1
∑

i=1

f(l + 1, n − i), l, n ∈ N+ and (B.1)

f(l, 1) = ul, l ∈ N+,

wherel andn increase as shown in Fig. B.3. Combining this with the size onthe root of the
tree in Fig. B.3, the size of the search space is:

sizeof(Z) = u + f(1, b).

The recursive function (B.1) can be simplified as follows. The tree of Fig. B.3 can be translated
into the table B.1, calculating the number of identical nodes in the tree, with variablel andn.
Concentrating then on the information that is not directly dependent onl and n, the third
dimension of the table can be extracted as shown in table B.2.In order to make more obvious
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the pattern of interest, a similar table forh = 3 andb = 4 is presented in Tab. B.3. The pattern
emerging is Pascal’s triangle and the size of the search space can be calculated using binomial
expansion. The alternative function is:

g(n) =

n
∑

i=1

iu(1 + u)n−i, n ∈ N+ (B.2)

and the size of the solution set is calculated byg(b).

sizeof(Z) = u + g(b).

In other words,g(b) = f(1, b), which is proven below. The binomial function in (B.2) avoids
the recursion performed in (B.1), simplifying the calculation of the solution.

l
n

1 2 3

1 1× 1× 4 1× 2× 4 1× 3× 4

2 2× 1× 42 1× 2× 42 —
3 1× 1× 43 — —

Table B.1: Tabular presentation of the tree of Fig. B.3.

l
n

1 2 3

1 1 1 1

2 2 1 —
3 1 — —

Table B.2: The third dimension of table
B.1.

l
n

1 2 3 4

1 1 1 1 1

2 3 2 1 —
3 3 1 — —
4 1 — — —

Table B.3: Equivalent table to B.2 for
h = 4, showing Pascal’s triangle pattern .

Theorem 2 Given the two functions in (B.1) and (B.2), the following correspondence holds:

f(1, b) = g(b). (B.3)

Proof 2

Step 1. Let the recursive functiong1 be defined as:

g1(l, n) =

n
∑

i=1

(iul + g1(l + 1, n− i)), l, n ∈ N+ and (B.4)

g1(l, 0) = 0, l ∈ N+.

Using this function, (B.3) can be proven if:

g1 = f (B.5)
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and

g(b) = g1(1, b). (B.6)

Step 2. (B.4) can be rewritten as follows:

g1(l, n) =

n
∑

i=1

(iul + g1(l + 1, n− i)) =

n
∑

i=1

iul +

n
∑

i=1

g1(l + 1, n− i) =

n
∑

i=0

(n− i)ul + g1(l + 1, 0) +

n−1
∑

i=1

g1(l + 1, n− i) =

n−1
∑

i=0

(n− i)ul +

n−1
∑

i=1

g1(l + 1, n− i).

Also: g1(l, 1) =
∑1

i=1(iu
l + g1(l + 1, 1− i)) = ul + 0 = ul. It is clear, therefore, thatg1 = f .

Step 3. In steps 4-8the following relationship is proven:

∀n ∈ N+, g(n) =
n

∑

i=1

(iu + ug(n− i)), (B.7)

while it is clear thatg(0) = 0. This recursive form ofg, allows the correspondence betweeng andg1

as follows:

g1(l, n) = u(l−1) × g(n)

and therefore:

g1(1, b) =

b
∑

i=1

(iu + g1(2, b− i)) =

b
∑

i=1

(iu + ug(b− i)) = g(b),

proving (B.6) and (B.3).
Step 4. (B.2) can be rewritten as follows:

g(n) =
n

∑

i=1

iu[1 +

(

n− i

n− (i + 1)

)

u1 +

(

n− i

n− (i + 2)

)

u2 + . . . +

(

n− i

1

)

un−(i+1) +

(

n− i

0

)

un−i] =

n
∑

i=1

iu +

n
∑

i=1

iu2[

(

n− i

n− (i + 1)

)

+

(

n− i

n− (i + 2)

)

u1 + . . . +

(

n− i

1

)

un−(i+2) +

(

n− i

0

)

un−(i+1)] =

n
∑

i=1

iu + u2

[

1× [

(

n− 1

n− 2

)

+

(

n− 1

n− 3

)

u1 + . . . +

(

n− 1

1

)

un−3 +

(

n− 1

0

)

un−2] +

2× [

(

n− 2

n− 3

)

+

(

n− 2

n− 4

)

u1 + . . . +

(

n− 2

1

)

un−4 +

(

n− 2

0

)

un−3] +

...

(n− 2)× [

(

2

1

)

+

(

2

0

)

u1] +

(n− 1)× [

(

1

0

)

]

]

.

(B.8)
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Step 5. Similarly,(B.7) can be expanded:

g(n) =

n
∑

i=1

iu +

n
∑

i=1

u2
n−i
∑

j=1

j(1 + u)n−(j+i) =

n
∑

i=1

iu + u2[
n−1
∑

j=1

j(1 + u)n−(j+1) +
n−2
∑

j=1

j(1 + u)n−(j+2) + . . . +
2

∑

j=1

j(1 + u)1 +
1

∑

j=1

j] =

n
∑

i=1

iu +

n
∑

i=1

u2

[

[(1 + u)n−2 + 2(1 + u)n−3 + . . . + (n− 2)(1 + u) + (n− 1)] +

[(1 + u)n−3 + 2(1 + u)n−4 + . . . + (n− 3)(1 + u) + (n− 3)] +

...

[(1 + u) + 2] +

[1]

]

=

n
∑

i=1

iu + u2

[

1× [(1 + u)n−2 + (1 + u)n−3 + . . . + (1 + u) + 1] +

2× [(1 + u)n−3 + (1 + u)n−4 + . . . + (1 + u) + 1] +

...

(n− 2)× [(1 + u) + 1] +

(n− 1)× [1]

]

.

(B.9)

Step 6. However, each of the terms in the expanded version of(B.9) can be translated as follows:

1 + (1 + u) + . . . + (1 + u)n−(x+1) + (1 + u)n−x =

[

(

0

0

)

] +

[

(

1

1

)

+

(

1

0

)

u] +

...

[

(

n− (x + 1)

n− (x + 1)

)

+

(

n− (x + 1)

n− (x + 2)

)

u + . . . +

(

n− (x + 1)

1

)

un−(x+2) +

(

n− (x + 1)

0

)

un−(x+1)] +

[

(

n− x

n− x

)

+

(

n− x

n− (x + 1)

)

u + . . . +

(

n− x

1

)

un−(x+1) +

(

n− x

0

)

un−x] =
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[

(

0

0

)

+

(

1

1

)

+ . . . +

(

n− x

n− x

)

] +

[

(

1

0

)

+

(

2

1

)

+ . . . +

(

n− x

n− (x + 1)

)

]u +

...

[

(

n− (x + 1)

0

)

+

(

n− x

1

)

]un−(x+1) +

[

(

n− x

0

)

]un−x =

(

n− (x− 1)

n− x

)

+

(

n− (x− 1)

n− (x + 1)

)

u + . . . +

(

n− (x− 1)

1

)

un−(x+1) +

(

n− (x− 1)

0

)

un−x.

(B.10)

Step 7. Therefore, using(B.10), equation(B.9) becomes:

g(n) =
n

∑

i=1

iu + u2

[

1× [

(

n− 1

n− 2

)

+

(

n− 1

n− 3

)

u + . . . +

(

n− 1

1

)

un−3 +

(

n− 1

0

)

un−2] +

2× [

(

n− 2

n− 3

)

+

(

n− 2

n− 4

)

u + . . . +

(

n− 2

1

)

un−4 +

(

n− 2

0

)

un−3] +

...

(n− 2)× [

(

2

1

)

+

(

2

0

)

u] +

(n− 1)× [

(

1

0

)

]

]

.

(B.11)

Step 8. (B.8) and(B.11)are identical and therefore (B.7) holds.

The discussion so far has assumed thath = 3. Due to the recursive process, by which the
solution set is generated, the extension of the proof toh > 3 involves simply the substitution
of the solution set size at(h − 1) for the basic size unitu in (B.2). Therefore, the size ath is
given by thehth term of the sequence:

S1 = 1

S2 = b + 1

Sn =

n
∑

i=1

iSn−1(1 + Sn−1)
n−i.

Note thatS1 has to be added to the size calculated in this way.



Appendix C

Optimality of incremental
specialisation

C.1 Distance-only specialisation

The distance-only incremental specialisation algorithm performs a search for the optimal set of
distance-pruning choices for an EST. The optimality criterion is the specialisation cost function.
The algorithm uses the exclusion dependencies between the nodes on the same level of the
tree to derive the optimal solution without, in average, exhaustive enumeration of all possible
solutions. In this section, the optimality of the solution generated by ORAspec – if one is
generated – is proven. In particular the following two conditions should be satisfied:

1. The set of pruning choices that is found by the algorithm isalways a legal solution.
2. This is the optimal solution.
Assume an ESTT = (N,E), whereN the set of nodes andE the edges of the tree.

The elements ofE are denoted by the predicatechild(ni, nj), whereni, nj ∈ N andni is
the child ofnj. Using thechild predicate, the obvious predicates can be defined:leaf(ni),
ancestor(nj , ni), parent(nj , ni), sibling(ni, nj). Also the following concepts are used:
• cousin(ni, nj) is used for nodes at the same horizontal level of the EST.
• Non-excludablenodes are nodes which cannot be pruned explicitly, i.e., thecorre-

sponding distance value between them and their parent satisfies theLGGs model.
• cs is the cost of specialisation as defined in chapter 4 for a nodeand a set of nodes,

representing the equivalent pruning choices.

Definition 2 Exclusion. A nodeni excludes a nodenj if they are cousins and the cost of the
former is at least as high as that of the latter:

ni >e nj iff. cousin(ni, nj) ∧ cs(ni) ≥ cs(nj).

Definition 3 Solution. A setS of nodes of the ESTT is called a solution if and only if the
following hold:

∀ni ∈ T, leaf(ni) :















ni ∈ S, or
∃nj ∈ S : nj >e ni or
∃nj ∈ S : ancestor(nj, ni) or
∃nj, nk ∈ T : nj ∈ S ∧ ancestor(nk, ni) ∧ nj >e nk.

and∄nj, nk ∈ S, nj >e nk. In other words, each leaf node must:

300
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• either be in the solution,
• or be excluded by a node in the solution,
• or have an ancestor in the solution,
• or have an ancestor, which is excluded by a node in the solution.

Note that this definition does not guarantee that a solution is a legal one, because it may include
non-excludable nodes. However, it guarantees that all leafnodes are covered and there are no
nodes in the solution which are excluded by other nodes in thesame solution. A solutionS will
be calledpartial if it includes non-excludable nodes andcompleteif it does not.

The principle underlying the ORAspec algorithm is that if the search starts from a solution,
i.e., a set of nodes satisfying definition 3, then a new solution can be generated by replacing a
non-leaf nodeni ∈ S with:

a. the maximum-cost nodenj, among the cousins ofni, in the same specialisation set,
i.e., left or right, and

b. the maximum-cost left- and right-pruning children,(nl, nr), of ni and
c. all non-excludable childrenQi of ni.

Also all the nodes which are excluded by other nodes in the solution are removed. Note that
these can be either one of thenl, nr or any nodes that they subsume.

Definition 4 Extension. A set of nodesS′ is called an extension of a solutionS, if it is con-
structed fromS in the above way or it is constructed by applying this processto an extension
of S.

Theorem 3 An extensionS′ of a solutionS is itself a solution.

Proof 3 Assume that the nodeni ∈ S is the one replaced inS′, bynj, nl, nr, Qi. ni is respon-
sible for excluding two sets of leaves of the treeT :

1. F1,∀nh ∈ F1, leaf(nh)∧ ancestor(ni, nh) and
2. F2,∀nh ∈ F2,∃nk ∈ T, ancestor(nk , nh) ∧ ni >e nk.

Assume thatLi, Qi, Ri are the three sets of children ofni. Qi are explicitly included in the new
set of nodes. Moreover:∀nh ∈ Li, nl >e nh and∀nh ∈ Ri, nr >e nh. Thus, it is trivially
proven that all leaves inF1 are still excluded, since either themselves or an ancestor of them
is in Li, Qi, Ri. The leaves inF2 are excluded by the cousin ofni, nj. Sincenj is the most
expensive cousin ofni, it holds that:

∀nh ∈ T, cousin(nh, ni) ∧ ni >e nh ∧ ni 6= nh : cousin(nh, nj) ∧ nj >e nh.

Therefore all nodes which were excluded byni are now excluded bynj.

Corollary 1 Starting with a solutionS, which uses only children of the root of an EST, it
follows from definition 4, that all solutions are extensionsof it. One just needs to carry on
applying the extension process to the generated solutions,until all branches of the tree have
been traversed.

Thus, the algorithm is guaranteed to generate sets of nodes,which are solutions. The
legality of the final solution is also guaranteed, by an explicit check, on the final solution. If it
includes non-excludable nodes it is rejected as a solution.1 Thus, the first criterion, set at the
beginning of the section is satisfied.

1This check happens every time a tree branch has been traversed to the leaves. In this way, if a sequence has
been found, which contains only non-excludable nodes, the search stops and the empty set is returned.
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The second optimality criterion can be proven by examining the properties of the termina-
tion condition for ORAspec. The algorithm stops, when the least-cost solution is complete and
its upper and lower cost estimates are the same. If the latteris not satisfied, the most expensive
node is expanded, i.e., it is replaced to produce an extension of the solution.

Definition 5 Expanded node. Given a solutionS, a nodeni ∈ S, is calledexpandedif it has
been used to generate an extension to a solution in which it participates.

Definition 6 Cost bounds. The upper bound of a solutionS is defined as the sum of the costs
of all nodes ofS:

high(S) =

|S|
∑

i=1

cs(ni), ni ∈ S.

This is the true cost of the solution. The lower bound is the sum of the costs of expanded nodes
in S.

low(S) =

|S|
∑

j=1

cs(nj), (nj ∈ S ∧ expanded(nj)).

Definition 7 Final solution. A solutionS is calledfinal if and only if it is completeand its
upper cost bound equals its lower cost bound:

final(S) iff. complete(S) ∧ low(S) = high(S).

In other words, all of the nodes inS must be expanded.

Lemma 1 An implication of definition 7 is that any extensionS′ of a solutionS, which is a
final solution, has a higher or equal low cost bound toS (i.e., low(S′) ≥ low(S)). The reason
for this is that in order to achieve a lower cost thanlow(S), at least one expanded nodenh ∈ S
needs to be excluded by one other nodenj ∈ S′. This implies thatcs(nj) ≥ cs(nh) and since
all nodes inS′ are expanded the low cost bound ofS′ must be higher than that ofS.

The ORAspec search terminates when the least-cost solutionis final. In order for this to be
the optimal solution there must not be an alternative one with a lower cost.

Theorem 4 If a set of solutionsSSet is generated and the least-cost solutionSi in SSet is
final, there is no other set of nodesSj in the ESTT , such thatSj constitutes a complete solution
and the cost ofSj is lower than that ofSi:

∄Sj ⊂ T, complete(Sj) ∧ (high(Sj) < low(Si)).

Proof 4 Assume that such a solutionSj exists. It holds that:
1. Sj 6∈ SSet, by the definition 7.
2. AlsoSj cannot be an extension ofSi, by the lemma 1.
3. Due to corollary 1, there must be a solutionSh in SSet of whichSj is an extension.
However, it is known thatlow(Sh) ≥ low(Si), ∀Sh ∈ SSet. Moreover, due to
lemma 1, it is known thatlow(Sh) ≤ low(Sj), asSj is an extension ofSh. Therefore
low(Si) ≤ low(Sj) ≤ high(Sj), contradicting the initial assumption.
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C.2 Duration and distance specialisation

The extended version of the ORAspec algorithm differs from the distance-only version in one
way: the optimal pruning choice for a set of cousin nodesN is not immediately obvious and
requires search. This search is performed by the ORAsib algorithm, Alg. 4.4, which splitsN
into the independent subsetsS andD, and searches for the optimal choice within each subset.
The underlying claim is that if the optimal combination of pruning choices does not comprise
of pruning the two most expensive nodes inS andD by their preferred parameter, then it can
be found by examining each of the two sets individually.

The important property of the problem is the independence betweenS andD, which can
be stated as follows:

Definition 8 Independent cousins. None of the nodes inS and D are excluded by another
node inS or D:

∀ni, nj ∈ S
⋃

D : (cd(ni) > cd(nj)) ∧ (cs(ni) ≤ cs(nj)) ∨

(cd(nj) > cd(ni)) ∧ (cs(nj) ≤ cs(ni)),

wherecd andcs are the costs of pruning a node by duration and by distance respectively.

Lemma 2 From definition 8 and the definition ofS andD, which states that:

∀ni ∈ S, nj ∈ D : (cs(ni) ≤ cd(ni)) ∧ (cd(nj) ≤ cs(nj)),

it follows that:

∀ni ∈ S, nj ∈ D : (cs(ni) < cs(nj)) ∧ (cd(nj) < cd(ni)), (C.1)

Theorem 5 Assuminga ∈ S, b ∈ D, such that:

∀ni ∈ S, nj ∈ D : cs(ni) ≤ cs(a) ∧ cd(nj) ≤ cd(b), (C.2)

there does not exist a different pair of nodese ∈ S, f ∈ D, such that:

∀ni ∈ S
⋃

D : (cs(ni) ≤ cs(e)) ∨ (cd(ni) ≤ cd(f)) ∧

(cs(e) + cd(f)) < (cs(a) + cd(b)) (C.3)

∨

∀ni ∈ S
⋃

D : (cd(ni) ≤ cd(e)) ∨ (cs(ni) ≤ cs(f)) ∧

(cd(e) + cs(f)) < (cs(a) + cd(b)) (C.4)

Proof 5 Suppose (C.3) is true. From (C.2) it follows that:

(cs(e) ≤ cs(a)) ∧ (cd(f) ≤ cd(b)).

If

(cs(e) = cs(a) ∧ cd(f) = cd(b)),

then the second condition in (C.3) does not hold. Otherwise,

(cs(e) < cs(a) ∨ cd(f) < cd(b)).
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Moreover, from (C.1) it follows that:

∀ni ∈ S, nj ∈ D : (cs(ni) < cs(b)) ∧ (cd(nj) < cd(a))→

(cs(e) < cs(b)) ∧ (cd(f) < cd(a))

Therefore, the first condition of (C.3) does not hold.
Suppose (C.4) is true. Again from (C.1) it follows that:

∀ni ∈ S, nj ∈ D : (cs(ni) < cs(f)) ∧ (cd(nj) < cd(e))→

(cs(a) < cs(f)) ∧ (cd(b) < cd(e))→

(cd(e) + cs(f)) > (cs(a) + cd(b))

which contradicts the second part of (C.4).



Appendix D

Algorithms for full supervision

D.1 Building and updating a relative event support tree

This section describes the algorithms which incrementallyconstruct a REST as the input stream
of event occurrences is being processed and feedback is received from the training data. The
first algorithm, Alg. D.1, initiates the updating process. It receives as input the terminal
subevent and the event occurrence which should be recognised. In the general case, the be-
gin point, B, of the terminal subevent occurrence is a set of points, because the begin point
of an event occurrence in the feedback data is allowed to be undefined, i.e.,=?. B will be a
singleton, ifei is an input event or the begin point for this occurrence ofei, is defined in the
feedback data, i.e.,6=?. The algorithm starts,satisfy-duration, by removing fromB the points
which do not satisfy the duration window,wid, of ei in es. Then the remaining set of begin
points,B′, is split,split-by-begin, into B+ andB−, according to whether they happen after or
before the begin point of the supported event.B+ is used for positive examples, ifes should
be recognised, andB− always for negative. Then the duration, corresponding to each element
of B+ andB− is calculated,get-duration, and the procedure for inserting the new node in
the REST,insert-node, is called. Finally, the example counter is incremented, ifthe REST is
indeed updated. The REST will not be updated, if no complete supporting sequence – either
positive or negative – can be build.

insert-node, Alg. D.2, is a recursive procedure,1 which builds the complete subtree of the
newly added node. The following is a syntactic description of the REST:

<REST> ::= <Node>, <REST>
<REST> ::= <Node>
<Node> ::= <Parameters>, <Examples>, <REST>
<Parameters> ::= distance, duration
<Examples> ::= <Positive>, <Negative>
<Positive> ::= example
<Positive> ::= example, <Positive>
<Negative> ::= example
<Negative> ::= example, <Negative>

where the terminal symbolsdistance andduration correspond to the(distance,
duration) pair of the node andexample is an example label. Note thatduration can be
a list of duration values. In that case, one node represents aset of siblings. This representation

1It is called fromadd-child.
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is chosen in order to reduce the storage requirements for theREST.insert-node simply calls
add-children which builds the subtree and adds the new node to the REST. If anode with the
same(distance,duration) pair already exists, then this node is updated, rather than
creating a new one.

Algorithm D.3 presentsadd-children, which deals with the children of a node. If the sup-
ported event is a repeating one, the preceding subevent occurrence is retrieved,get-preceding,
and the satisfaction of the corresponding distance and duration windows is checked. If the win-
dows are not satisfied, the branch is not grown any further.2 The same happens if the length of
the repeating sequence, given by the current depth in the REST, l, is greater than the maximum
number of repetitions. When the growth of the branch stops, if the minimum number of repeti-
tions has been reached,add-leaf is called to check whether the example is positive or not, i.e.,
whether the begin point of the supported event occurrence issatisfied. If the minimum num-
ber of repetitions has not been reached,ctype= −1 is returned, meaning that the node has no
children. If the preceding subevent occurrence is not offending the windows and the maximum
number of repetitions has not been reached, the branch is grown further by callingadd-child,
which recursively callsinsert-node. When the minimum number of repetitions is reached,
add-leaf is called for every subsequence, reflecting the fact that each repeating subsequence is
a separate example. If the supported event is not a repeatingone and the first subevent in the
precedence sequence has not been already examined, all of the preceding subevent occurrences
are collected bysatisfy-precedesand the satisfaction of the parameter windows is checked
for each one. If none of them satisfies the windows, the supporting sequence is discarded.
Otherwise,add-child is called for each preceding subevent occurrence. When the start of the
precedence sequence is reached,add-leaf is called to check whether the example is a positive
or a negative one.

Algorithm D.4 describesadd-child, which processes a node in a similar way as the top-
level update-REST algorithm. Their only difference is the use of theupdate-min-begin,
which updates the set of minimum begin points, taking into account the new occurrence.add-
leaf, Alg. D.5, is called when a complete sequence of subevent occurrences has been processed.
It checks,satisfy-begin-point, whether the begin point of the supported occurrence is satisfied
and returns the appropriate example type. It also updates the occurrence in the database.

2An alternative approach would be to skip the offending subevent occurrence and use the one before that.
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Input: terminal subevent occurrence:ei(B, f); supported event occurrence:es(b1, f); example
type: t = + or−; the REST:Ts.

Output: the updated REST:Ts.

Globals: example counter:xm; duration windows:Wd; TCN links: S.
update-REST(ei(B, f), es(b1, f), t, Ts) :

(ai, ei, es, ((?, (?, ?)), di) ∈ S ∨ (ai, ei, es, ((ai, si), di) ∈ S % terminal subevent or repeating
(ai, wid) ∈Wd

B′ ← satisfy-duration(wid, {(B, f)})
(B+, B−)←split-by-begin(B, b1, f)
(D+, D−)←get-duration(B+, B−, f)
IF D+ = {}: T ′

s ← Ts

ELSE: T ′

s ←insert-node(t, 0, D+, ?, ai, (B
+, f), B+, es(b1, f), Ts)

IF D− 6= {}: T ′

s ←insert-node(−, 0, D−, ?, ai, (B
−, f), B−, es(b1, f), T ′

s)
IF T ′

s 6= Ts:
xm← xm + 1
Ts ← T ′

s

ENDIF
RETURN Ts

Algorithm D.1: Algorithm for updating the REST.

Input: example type:t = + or −; current depth in the REST:l; duration list: D; distances;
subevent:ai; stamp of preceded event:(B, f); earliest begin points so far:B2; supported
event occurrence:es(b1, f); the REST:T0.

Output: the updated REST:T0.

Globals: example counter:xm.
insert-node(t, l, D, s, ai, (B, f), B2, es(b1, f), T0) :

IF ∃((s, D), (P, N), T1) ∈ T0: % update existing node
(T1,ctype)←add-children(t, l, ai, (B, f), B2, es(b1, f), T1)
IF ctype= 1: P ← P

⋃

{xm}
ELSEIF ctype= 0: N ← N

⋃

{xm}
ENDIF

ELSE: % new node
(T2,ctype)←add-children(t, l, ai, (B, f), B2, es(b1, f), {})
IF ctype= 1: T0 ← T0

⋃

{((s, D), ({}, {xm}), T2)} % negative
ELSEIF ctype= 0: T0 ← T0

⋃

{((s, D), ({xm}, {}), T2)} % positive
ENDIF

ENDIF
RETURN T0

Algorithm D.2: Algorithm for updating a REST node or inserting a new one.
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Input: example type:t = + or−; current depth in the REST:l; subevent:ai; stamp of preceded
subevent occurrence:(B, f); earliest begin points so far:B2; supported event occurrence:
es(b1, f0); the REST:T0.

Output: the updated REST:T0; type-of-children flag:ctype.

Globals: occurrence histories:H; duration and distance windows:Wd andWs; TCN links: S.
add-children(t, l, ai, (B, f), B2, es(b1, f0), T0) :

l← l + 1
IF ∃(ai, ei, es, ((ai, si), di)) ∈ S: % repeating

repetitions(ei, (n
−

i , n+
i )), (ei, Hi) ∈ H

(ai, wid) ∈Wd, (ai, wis) ∈Ws

Hi ← get-precedinga(Hi, f)
Hi ← satisfy-windows(Hi, B, wid, wis)
IF (Hi = {} ∨ l > n+

i ): % stop branch growth
IF l ≥ n−

i : ctype←add-leaf(t, B2, es(b1, f))
ELSE: ctype←−1
RETURN (T0,ctype)

ELSE: % continue branch growth
{(Bi, fi)} ← Hi % singleton set
s← get-distanceb(fi, B, f)
IF l ≥ n−

i :
ctype1 ←add-leaf(t, B2, es(b1, f))
(T0,ctype2)←add-child(t, l, s, ai, (Bi, fi), B2, es(bi, f0), T0)
ctype← max(ctype1,ctype2)

ELSE: (T0,ctype)←add-child(t, l, s, ai, (Bi, fi), B2, es(bi, f0), T0)
ENDIF
RETURN (T0,ctype)

ENDIF
ELSEIF ∃(aj , ej, es, ((ai, sj), dj)) ∈ S: % non-leaf

(ej , Hj) ∈ H
(aj , wjd) ∈ Wd, (aj , wjs) ∈ Ws

H1 ←satisfy-precedes(Hj, f)
H1 ←satisfy-duration(wjd, H1), H1 ←satisfy-distance(wjs, B, H1)
IF H1 = {}: RETURN (T0,ctype= −1)
ELSE:

ctype← −1
∀(Bk, fk) ∈ H1:

s← get-distance(fk, B, f)
(T0,ctype1)←add-child(t, l, s, aj, (Bk, fk), B2, es(bi, f0), T0)
ctype← max(ctype1,ctype)

RETURN (T0, ctype)
ENDIF

ELSE: % leaf node
ctype←add-leaf(t, B2, es(b1, f))
RETURN (T0,ctype)

ENDIF

aIt returns either one occurrence or an empty set.
bIf B is singleton ({b}), it returns a number corresponding to the distance (s = b − fk) of the preceding

subevent occurrence from the preceded one, otherwise, it uses the end point of the preceded subevent (s∗ =
f − fk) and returnss = s∗−d, where the character d signifies thats corresponds to a set of distances, that can
be derived if the duration of the preceded event is known.

Algorithm D.3: Algorithm for updating recursively the children of a REST node.
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Input: example type:t = + or−; current depth in the REST:l; distance value for the new node:
s; subevent:ai; stamp of the subevent occurrence:(B, f); earliest begin points so far:B2;
supported event occurrence:es(b1, f0); the REST:T0.

Output: the updated REST:T0; type-of-children flag:ctype.
add-child(t, l, s, ai, (B, f), B2, es(b1, f0), T0) :

(B+, B−)← split-by-begin(B, b1, f)
(D+, D−)← get-duration(B+, B−, f)
B+

2 ←update-min-begin(B+, B2)
IF D+ = {}: T + ← {}
ELSE: T + ←insert-node(t, l, D+, s, aj , (B

+, f), B+
2 , es(b1, f0), T0)

B−

2 ←update-min-begin(B−, B2)
IF D− = {}: T− ← {}
ELSE: T− ←insert-node(−, D−, s, aj , (B

−, f), B−

2 , es(b1, f0), T
+)

IF T + 6= T0: RETURN (T0 = T−,ctype= 1) % positive children
ELSEIF T− 6= T0: RETURN (T0 = T−,ctype= 0) % negative children only
ELSE: RETURN T0, ctype = −1 % no children
ENDIF

Algorithm D.4: Algorithm for inserting each child node.

Input: example type:t = + or −; earliest begin points so far:B2; supported event occurrence:
es(b1, f0).

Output: the type-of-children flag:ctype.
add-leaf(t, B2, es(b1, f0)) :

B+
2 ←satisfy-begin-point(B2, b1)

B−

2 ← B2\B
+
2

update-begin-pointa(es, f0, B
−

2 , B+
2 )

IF (t = + ∧B+
2 6= {}): RETURN ctype = 1 % positive

ELSE: RETURN ctype = 0 %negative

aUpdates the occurrence in the database, to store the alternative positive and negative begin points. They
are needed to check the subsumption in repeating events.

Algorithm D.5: Process leaf node.

D.2 Local search algorithm

The local refinement algorithm generates and evaluates local solutions, as explained in section
5.4.1. The syntactic definition for a local solution is as follows:

<LSol> ::= subevent,<Ranges>,<Cover>,<Fitness>
<Ranges> ::= <SRange,DRange>
<SRange> ::= low,high
<DRange> ::= low,high
<Cover> ::= positive,negative
<Fitness> ::= proximity,purity

wheresubevent identifies the examined level of the REST,low andhigh the lower and
upper bound of the range,positive andnegative the number of positive and negative
examples that are covered andproximity andpurity the fitness score for the solution.



APPENDIX D. ALGORITHMS FOR FULL SUPERVISION 310

Algorithm D.6 generates and evaluates local solutions for aset of REST nodes. In general
it performs a two-dimensional search. It generates all local solutions,generate-local, on the
distance and duration axes separately, chooses the best local solution,best-local, and expands
it on the opposite axis. Thefitness function evaluates the local solutions.LRAloc returns a
list of solutions, of which the head is the best local solution and the tail all others. Among
the suboptimal solutions, there may be some which are only partially constrained, i.e., the
result of one-dimensional search. If one of these is chosen and fed back toLRAloc only a
one-dimensional search is needed. In that case, the range(r−, r+) provides the results of the
previous search andR will be a singleton, containing the parameter that has not been examined
yet. The same happens with all solutions for the terminal subevent, for which only the duration
range is defined.

Algorithm D.7 describes thegenerate-localprocedure, which generates local solutions, on
one of the two dimensions of the feature space. The choice on the other dimension may have
already been made, in which case,(r−, r+) 6= (?, ?). The algorithm first skips all the REST
nodes that do not cover any positives, up to the low limit of the original range. Note that the
nodes are ordered byr and the skipping takes place along this dimension. Then the low limit
for the next set of local solutions is established bylow-limit , choosing between the parameter
value of the first REST node and the value thatskip-negative returns. If the examined event
is a repeating one, the nodes inT0 will hold distance and duration ranges, rather than single
values. Once the low limit has been established, the low limit of each range in the REST nodes
can be ignored and they can be treated as ordinary nodes. Thisis done bytranslate-rep. all-
high-valuesgenerates all useful ranges, with the given low limit, and returns the corresponding
local solutions. Then the REST nodes with the same parametervalue as the first node ofT0

are skipped,skip-same-value, andgenerate-localis called recursively, to choose the next low
limit and generate a new set of local solutions.

Algorithm D.8 presentsall-high-values which generates all useful local solutions, with a
common low limit. The aim of the algorithm is to skip as many ofthe candidate upper limits
for local solutions as possible. It first skips all the REST nodes which do not cover positive
examples and their parameter value,v2, is greater than the upper limit of the original parameter
range,vh. This is done on the ground that their proximity and purity can only be lower than the
last examined solution. They cover more negative examples and their upper limit is further from
the upper limit of the original range.3 Then all the nodes which do not cover negative examples
are examined. None of these solutions are ignored. Once a node has been reached which covers
negative examples, all nodes with the same parameter value are processed, without ignoring
any solutions, andall-high-values is called recursively. The algorithm uses the procedures
make-localandinsert-local. The former one constructs a local solution from its components:
subevent, parameter ranges, covered positive and negativeexamples. It also calculates the
fitness of the solution, with the use of the original parameters (proximity) and the complete set
of examples (purity).insert-local inserts a solution to the solution list as described in Alg. D.9.

Algorithm D.9, insert-local, is responsible for updating the solution list, when a new local
solution is generated. It makes sure that old solutions subsumed by the new one are removed
and maintains the set in descending fitness order. If the new solution is subsumed by an old
one, it is not added to the set. A solution is subsumed by another if its ranges are subsumed,
subsumes, it has a lower proximity and covers more negative examples than the other solution.

3An even more drastic reduction can be achieved by ignoring all nodes which cover only negative examples,
except the one closest to the original range. Local solutions would then not be exhaustively enumerated.
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Input: examined subevent:ai; set of non-examined parameters:R; REST:T ; selected range on
the opposite dimension:(r−, r+); number of positive:p0 and negative:n0 examples covered
so far.

Output: a set of generated local solutions:L.

Globals: TCN links: S.
LRAloc(ai, R, T, (r−, r+), p0, n0) :

(ai, ei, es, ((aj , si), di)) ∈ S
IF R = {r} % terminal subevent or partially constrained solution

T ← sort-bya(r, T )
RETURN L =generate-local(ai, r, ?, si, di, (r

−, r+), p0, n0, T, {})
ELSE: % otherwise a 2-d search is needed

T1 ←sort-by(s, T )
L0 ←generate-local(ai,s, ?, si, di, (?, ?), p0, n0, T1, {})
T2 ←sort-by(d, T )
L1 ←generate-local(ai,d, ?, si, di, (?, ?), p0, n0, T2, {})
(ai, (s1, d1), p1, n1, (prox1,pur1))←best-local(L0)
L2 ← L0\{(ai, (s1, d1), (p1, n1), (prox1,pur0))}
(ai, (s2, d2), (p2, n2), (prox2,pur1))←best-local(L1)
L2 ← L2

⋃

L1\{(ai, (s2, d2), (p2, n2), (prox2,pur2))}
f1 ←fitness(prox1,pur1), f2 ←fitness(prox1,pur1)
IF f1 ≥ f2:

T1 ← nodes-in-range(T1, (s1, d1))
L2 ← L2

⋃

{(ai, (s2, d2), (p2, n2), (prox1,pur1))}
L3 ← generate-local(ai,d, ?, si, di, s1, p1, n1, T1, {})

ELSE:
T2 ← nodes-in-range(T2, (s2, d2))
L2 ← L2

⋃

{(ai, (s1, d1), (p1, n1), (prox1,pur0))}
L3 ← generate-local(ai,s, ?, si, di, d2, p2, n2, T2, {})

ENDIF
RETURN L = L2

⋃

L3

ENDIF

aSort the set of REST nodes by that parameter.

Algorithm D.6: Algorithm for generating and evaluating local solutions.
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Input: subevent:ai; examined parameter:r; the low limit for the generated ranges:vl; original
distance and duration ranges for the token:(s−, s+) and (d−, d+); selected range on the
opposite dimension:(r−, r+); total number of positive:p and of negative:n examples in the
REST; REST:T ; local solutions generated so far:L.

Output: new set of local solutions:L.

generate-local(ai, r, vl, (s
−, s+), (d−, d+), (r−, r+), p, n, T, L) :

(v0, T0)←skip-negative(r, vl, (s
−, s+), (d−, d+), T )

IF T0 = {}: RETURN L
ELSE: % not all negative

v1 ←low-limit (r,head(T0), v0)
T0 ←translate-rep(r, T0)
L←all-high-values(ai, r, v1, (s

−, s+), (d−, d+), (r−, r+), {}, 0, {}, p, n, T0, L)
((s, d), (P0, N0), T1)←head(T0)
v1 ←parametera(r, (s, d))
(v1, T0)←skip-same-value(r, T0)
IF T0 = {}: RETURN L
ELSE: RETURN L =generate-local(ai, r, v1, (s

−, s+), (d−, d+), (r−, r+), p, n, T0, L)
ENDIF

aReturns the value of the examined parameter.

Algorithm D.7: Algorithm for generating local solutions on one dimension.
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Input: subevent:ai; examined parameter:r; the low limit for the generated ranges:vl; original
distance and duration ranges for the subevent:(s−, s+) and(d−, d+); selected range on the
opposite dimension:(r−, r+); set of positive:P1 and number of negative:n1 examples
covered so far; covered REST nodes:T1; total number of positive:p and of negative:n
examples for the REST; non-examined REST:T ; local solutions generated so far:L.

Output: new set of local solutions:L.

all-high-values(ai, r, vl, (s
−, s+), (d−, d+), (r−, r+), P1, n1, T1, p, n, T, L) :

vh ←upper-limit a(r, (s−, s+), (d−, d+))
((s, d), (P0, N0), T0)←head(T )
v2 ←parameter(r, (s, d))
WHILE P0 = {} DO: % process non-positive

n1 ← n1 + |N0|
T1 ← T1

⋃

{head(T )}
IF v2 ≤ vh: % upper limit not reached

l1 ←make-local(ai, r, (v1, vh), (r−, r+), P1, n1, p, n, (s−, s+), (d−, d+))
L←insert-local(l1, L)

ENDIF
T ← T \{head(T )}
IF T = {}: RETURN L
ELSE: ((s, d), (P0, N0), T0)←head(T )
v2 ←parameter(r, (s, d))

ENDWHILE
WHILE N0 = {} DO: % process non-negative

P1 ← P1

⋃

P0

T1 ← T1

⋃

{head(T )}
l1 ←make-local(ai, r, (v1, v2), (r

−, r+), P1, n1, p, n, (s−, s+), (d−, d+))
L←insert-local(l1, L)
T ← T \{head(T )}
IF T = {}: RETURN L
ELSE: ((s, d), (P0, N0), T0)←head(T )
v2 ←parameter(r, (s, d))

ENDWHILE
REPEAT: % nodes with the same parameter value

P1 ← P1

⋃

P0

n1 ← n1 + |N0|
T1 ← T1

⋃

{head(T )}
l1 ←make-local(ai, r, (v1, v2), (r

−, r+), P1, n1, p, n, (s−, s+), (d−, d+))
L←insert-local(l1, L)
T ← T \{head(T )}
IF T = {}: RETURN L
ELSE: ((s, d), (P0, N0), T0)←head(T )
v3 ←parameter(r, (s, d))

UNTIL v3 6= v2

RETURN L = all-high-values(a1, r, vl, (s
−, s+), (d−, d+), (r−, r+), P1, n1, T1, p, n, T, L)

aGet the upper limit of the parameter range corresponding tor.

Algorithm D.8: Algorithm for constructing all ranges from a list of REST nodes, given their
low limit.
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Input: the new local solution:l; the already generated ones:L

Output: the updated set of local solutions:L

insert-local(l, L) :

(al, (sl, dl), Tl, (Pl, Nl), (proxl,purl))← l
fl ← fitness(proxl,purl)
L1 ← {}
h← F
∀li ∈ L:

(al, (si, di), Ti, (Pi, Ni), (proxi,puri))← li
fi ← fitness(proxi,puri)
IF (subsumes((si, di), (sl, dl))∧proxl ≤proxi ∧Nl ≥ Ni):

RETURN L
ELSEIF (subsumes((sl, dl), (si, di))∧proxi ≤proxl ∧Ni ≥ Nl):

L1 ← L1

⋃

{l}
h← T

ELSEIF (fi < fl ∧ h = F):
L1 ← L1

⋃

{l, li}
h← T

ENDIF
IF L1 = {}: RETURN L = {l}
ELSE: RETURN L = L1

Algorithm D.9: Algorithm to insert a new entry in the set of local solutions.

Undefined ranges

An implicit assumption in the proximity metrics presented in chapter 5 is that the parameter
ranges, new and old, are defined. This may not be the case, since any of the range limits
is allowed to take the value ‘?’, which is interpreted as an unknown value. If this happens,
proximitycannot be calculated. For this reason an algorithm is used which replaces undefined
range limits with known values in the new or the original parameter range. This algorithm uses
a number of priority and consistency constraints to find the appropriate values. The algorithm,
Alg. D.10, is an iterative one. In other words, it goes through the four limits more than once,
in order to replace them all with numeric values. The rules that it follows are the following:

1. If the low limit of the range is defined do not change it.
2. If both limits of the range are undefined, replace the low limit with the low limit of

the second range.
3. If the high limit of the range is defined and the low limit of the second range is not,

replace the low with the high limit of the first range.
4. If both the high limit of the first range and the low limit of the second are defined,

replace the low limit of the first with the minimum of the two.
5. Use the new low limit of the first range, which may still be undefined, and do the

same as above for the low limit of the second range.
6. Similar rules apply for the high limits, but instead of theminimum, the maximum

between the low limit of the same and the high limit of the other range is used.
In the worst case, where three of the four limits are undefined, this algorithm will need two
iterations to make all undefined limits equal to the defined one.
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Input: two ranges, possibly containing undefined limits:(r−1 , r+
1 ) and(r−2 , r+

2 ).

Output: the modified ranges, without undefined limits:(r−1 , r+
1 ) and(r−2 , r+

2 ).

define-limits((r−1 , r+
1 ), (r−2 , r+

2 )) :

IF (r−1 , r+
1 ) = (?, ?) ∧ (r−2 , r+

2 ) = (?, ?): % all undefined
RETURN (r−1 , r+

1 ) = (1, 1), (r−2 , r+
2 ) = (1, 1)

IF r−1 6=? ∧ r+
1 6=? ∧ r−1 6=? ∧ r+

1 6=?: % all defined
RETURN (r−1 , r+

1 ), (r−2 , r+
2 )

IF r−1 =? ∧ r+
1 =?: r−1 ← r−2

ELSEIF r−1 =? ∧ r−2 =?: r−1 ← r+
1

ELSEIF r−1 =?: r−1 ← min(r+
1 , r−2 )

ENDIF
IF r−2 =? ∧ r−1 =?: r−2 ← r+

2

ELSEIF r−2 =? ∧ r+
2 =?: r−2 ← r−1

ELSEIF r−2 =?: r−2 ← min(r−1 , r+
2 )

ENDIF
IF r+

1 =? ∧ r−1 =?: r+
1 ← r+

2

ELSEIF r+
1 =? ∧ r+

2 =?: r+
1 ← r−1

ELSEIF r+
1 =?: r+

1 ← max(r−1 , r+
2 )

ENDIF
IF r+

2 =? ∧ r+
1 =?: r+

2 ← r−2
ELSEIF r+

2 =? ∧ r−2 =?: r+
2 ← r+

1

ELSEIF r+
2 =?: r+

2 ← max(r+
1 , r−2 )

ENDIF
(r−1 , r+

1 ), (r−2 , r+
2 )← define-limits((r−1 , r+

1 ), (r−2 , r+
2 ))

RETURN (r−1 , r+
1 ), (r−2 , r+

2 )

Algorithm D.10: Algorithm to define all limits in two ranges.
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D.3 Best-first global search algorithm

The global search algorithmLRA combines local solutions into partial and ultimately com-
plete ones, which have the following syntax:

<GSol> ::= <LSols>,<Parameters>,<Fitness>
<LSols> ::= <LSol>,<LSols>
<LSols> ::= <LSol>
<Parameters> ::= s | d | nil

where<Fitness> and<LSol> are as before and<Parameters> is nil if both dimen-
sions of the lowest-level local solution have been examinedands or d otherwise, i.e., the
dimension which has not been examined yet.

Algorithm D.11 describes the high-level process taking place in LRA . First the REST
is flattened,flatten-REST, so that each node holds just a single(distance,duration)
pair. If the examined event is a repeating one, the algorithmstarts by collecting all positive,
get-positive, and negative,get-negative, repeating sequences from the REST. These are repre-
sented as pairs of ranges, i.e., rectangular areas in the distance/duration space. It then removes
the negative examples that are subsumed,remove-neg-rep, and builds the dummy, single-level
REST,dummy-REST, which just combines the positive and negative examples. Ifthe event is
not a repeating one, the pre-processing stage involves onlythe removal of negative examples,
remove-negative, which are not of use in the search, i.e. do not interfere withthe positive
ones and are not covered by the given parameter ranges. Following the pre-processing stage,
the positive and negative examples in the REST are counted,all-examples, and thebest-first
algorithm is called to perform the best-first search.

Algorithm D.12 describes thebest-first function, which selects and recursively expands
the best partial solution, until a max-fitness, complete solution is constructed. It first calls
LRAloc to generate the local solutions at the current level of the REST and then adds these
local solutions to the partial solutions generated so far,extend-partial. If the best solution,
L1, is complete it returns that. If it is not, it selects the local solution at the lowest level of the
REST and if this local solution does not provide an answer on both dimensions,best-first calls
itself recursively with this solution. If the local solution determines both parameter ranges, the
nodes that it covers are selected,nodes-in-range, and their children are grouped as siblings,
generate-children. best-first is then called recursively to process the children.
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Input: the supported event:es.

Output: the best complete solution:Sol.

Globals: the set of TCN links:S; the set of RESTs:T .
LRA (es) :

(es, T ) ∈ T
T1 ← flatten-REST(T )
IF (ai, ei, es, ((ai, si), di)) ∈ S: % repeating event

P ← get-positive(T1)
N ← get-negative(T1)
N ← remove-neg-rep(P, N)
T1 ← dummy-REST(P, N)

ELSE: % non-repeating event
(ai, ei, es, ((?, (?, ?)), di)) ∈ S % terminal subevent
T1 ← remove-negative(T1)

ENDIF
(p, n)← all-examples(T1)
Sol← best-first(ai, es, {d}, (?, ?), p, n, T1, {}, {})
RETURN Sol

Algorithm D.11: The global refinement algorithm.

Input: examined subevent:ai; the supported event:es; set of non-examined parameters:R; se-
lected range on the opposite dimension:(r−, r+); number of positive:p and negative:n
examples covered so far; REST:T ; the best local solution:Sol; the list of all generated
solutions:Sols.

Output: the best complete solution:Sol.

Globals: the set of TCN links:S.
best-first(ai, es, R, (r−, r+), p, n, T, Sol, Sols) :

L←LRAloc(ai, R, T, (r−, r+), p, n)
Sols1 ←extend-partial(Sol,tail(R), L)
Sols← Sols1

⋃

Sols
Sols←sort-by-fitnessa(Sols)
(L1, R1, f1)←head(Sols) % the best partial solution
(aj , (sj , dj), (p1, n1), (prox1,pur1))←head(L1)

b % the lowest-level local solution
IF (R1 = {} ∧ ∄(ak, ek, es, ((aj , sk), dk)) ∈ S): Sol ←head(Sols) % leaf and complete solution
ELSEIF R1 = {}: % non-leaf, both ranges defined

(ak, ek, es, ((aj , sk), dk)) ∈ S
T1 ← nodes-in-range(T, (sj, dj))
T2 ←generate-children(T1)
Sol←best-first(ak, es, {s,d}, (?, ?), p, n, T2,head(Sols),tail(Sols))

ELSE: % non-leaf, one range defined
T1 ← nodes-in-range(T, (sj, dj))
r ←head(R1)
(r−, r+)←opposite-range(r, sj, dj)
Sol←best-first(aj , es, R1, (r

−, r+), p, n, T1, (tail(L1), T1, R1, f1),tail(Sols))
ENDIF
RETURN Sol

aSorts a set of solutions in descending fitness order.
bThe first local solution is the last added, i.e., the one at thelowest examined level of the REST.

Algorithm D.12: Global best-first search.



Appendix E

Algorithms for partial supervision

Under partial supervision, a two-stage belief propagationalgorithm is used for refinement. The
RAPS algorithm, Alg. 6.1, updates incrementally the RESTs,as new input event occurrences
are received. This mode of operation is called classification and it involves the recognition of
all event occurrences which can be recognised and the forward propagation of model-based
recognition beliefs for the event occurrences. Algorithm E.1 in section E.1 describes the up-
dating of the REST. The second mode of operation of the algorithm involves the allocation of
feedback from the output to the intermediate nodes of the TCNand the refinement of the model
parameters. Algorithm E.2 in section E.2 describes this mode of operation of RAPS.

The causal information needed for feedback allocation is stored in the RESTs. Thus, the
syntax of the REST is extended in the following ways:
• There is now a single example list in each node and each element of this list holds

the following information:
<Example> ::= label,weight,

subevent-example,subevent-duration,
i.e., the label of the example, its weight, the supporting subevent example and its
duration. The duration is needed because condensed RESTs are used in the classifi-
cation stage.

• A proximity value is attached to each duration and distance in the REST. This is to
reduce the cost of recalculating recognition beliefs for individual REST branches in
the feedback allocation stage.

The recognition beliefs for event occurrences are stored ina global structure, indexed by the
event, the example-label and the duration of the example:

<RB-set> ::= <Event-RB>,<RB-set>
<Event-RB> ::= event,<RB-list>
<RB-list> ::= <Example-RB>,<RB-list>
<Example-RB> ::= duration,example-number,model-RB,data-RB

wheremodel-RB is the model-based anddata-RB the data-based recognition belief for the
occurrence.

E.1 Classification algorithm

The basic classification algorithm, Alg. E.1, is very similar to update-REST for full supervi-
sion. It takes as input the terminal subevent occurrence, the supported event occurrence and
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the REST for the supported event, which it updates. In general, no classification information
is available and therefore the type of the example is not provided. The algorithm starts by dis-
carding,satisfy-duration, the begin points for the terminal subevent occurrence, which do not
satisfy the duration window. Then thecf-proxfor each duration value is calculated and attached
to each individual begin point, byadd-cf-to-begin. Using these begin points a new sub-REST
is generated, bynew-REST, and added to the old REST, byadd-REST. If the examined event
is an output one,output-event, its data-based recognition belief is updated,class-feedback,
taking the value+1 for positive occurrences and−1 for negative ones.

Input: terminal event occurrence:ei(B, f); supported event occurrence:es(b1, f); the REST:Ts.

Output: the updated REST:Ts.

Globals: duration windows:Wd; T-FFCN links:S; recognition beliefs:RB.
RAPSclass(ei(B, f), es(b1, f), Ts) :

(B+
1 , B−

1 )← ({}, {})
(ai, ei, es, ((?, (?, ?)), di)) ∈ S ∨ (ai, ei, es, ((ai, si), di) ∈ S % terminal subevent or repeating
(ai, wdi) ∈Wd

B ← satisfy-duration(wdi, {(B, f)})
B ← add-cf-to-begin({f}, di, B, f)
T ∗

s ← Ts

IF B 6= {}:
T ′

s ← new-RESTa(?, 0, ai, (B, f), B, es(b1, f))
T ∗

s ← add-REST(T ∗

s , T ′

s)
ENDIF
IF T ∗

s 6= Ts: xm← xm + 1, Ts ← T ∗

s

IF output-event(es): RB ← class-feedback(es(b1, f), RB)
RETURN Ts

aThe arguments ofnew-REST are: distance value for the new node, the current depth of theREST, the
examined subevent, the stamp for the subevent occurrence, the list of minimum begin points and the supported
event occurrence.

Algorithm E.1: The classification stage of the RAPS algorithm.

Under full supervision,insert-node is responsible for updating the REST nodes. This
function is divided now into two separate procedures:new-RESTandadd-REST. The latter
procedure simply joins two RESTs with the same format.new-REST, calls new-children,
which returns the children of the new node, with the corresponding sub-RESTs. The exam-
ple list of the new node contains a single example. Algorithmnew-children is the equivalent
of add-children for partial supervision. Their only difference is that there is now noctype
information, i.e., no classification for the examples in theexample lists.new-children calls
add-child for each occurrence of the preceding subevent which satisfies the duration and dis-
tance windows. If there is no preceding subevent,add-leaf is called instead. Repeating events
are treated as under full supervision.

The only interesting difference of these algorithms with those used under full supervision
is in add-leaf, which updates the model-based recognition beliefs in the global data structure.
During the recursive construction of the new REST, the model-based recognition beliefs for
each branch of the REST are attached to the collected minimumbegin points.add-leaf uses
these to create a new entry for the event example inRB-set, containing its model-based
recognition belief,model-RB. The data-based belief,data-RB, is initialised to0.
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E.2 Feedback allocation

In the feedback allocation stage, theRAPSalloc algorithm processes all of the events in the
TCN, in inverse partial support order. In other words, it starts with the output events, per-
forms the intra-REST feedback allocation and refinement of their parameters and allocates
feedback to all of the supporting subevent occurrences. Then it moves backwards through the
TCN, in a way which ensures that when an event is examined all of the events supported by
it have already been processed and allocated feedback to it.For each event being processed,
RAPSallocpre-processes the REST, performing the intra-REST feedback allocation, i.e., cal-
culating the example weights. Once this is done, the refinement algorithm,RAPSref is called,
which is identical to the one used under full supervision. This section describes the intra-REST
feedback allocation algorithms.

The intra-REST feedback allocation process inRAPSalloc, Alg. E.2, starts by collecting
all the “useful examples”,prune-examples, of the event, i.e., all examples, which have non-
zero data-based recognition belief. These examples are stored in a temporary list with a similar
format to theRB-set, i.e., containing the recognition belief information. Then the REST is
flattened,flatten-REST, so that each REST node contains a single distance and duration value.
At the same time, the model-based recognition beliefs for different REST branches are recal-
culated. These recognition beliefs, together with the minimum and maximummodel-RB for
each example are used in the rescaling of the example weights. The example list is updated
to include the minimum model-based recognition belief for each example,set-minRB, and
then used inprune-REST to prune the REST, so that it contains only the useful examples.
prune-REST performs also the calculation of the example weights, usingthe recognition be-
liefs stored in the example list. Once the weights have been calculated, the refinement algo-
rithm, RAPSref, is called to search for the new parameter settings, which are then used to
prune the REST even further,postprune-REST. The examples, which are excluded by the
new parameter values are ignored, in order to reduce the amount of feedback to the supporting
subevent occurrence. The inter-REST feedback allocation is done byREST-feedback, which
simply aggregates the feedback for each supporting occurrence.

Algorithm E.4 describes the process of flattening the REST and calculating the model-
based beliefs. It processes each node of the condensed REST and each duration value in each
node separately, generating flat nodes. For each node, it starts by flattening the distance list for
each child,flatten-children, removing also distances that do not satisfy the distance window.
flatten-children returns the children,T ′

c, that correspond to the current duration value and the
rest of them,Tc. Then the example list for the flat node is created,flat-examples, by looking
at the condensed example lists for the current duration value. Each example in the flat example
list will also contain the model-based recognition belief of the branch, which is given by the
minimum cf-prox value in the path so far,CF d

b . Once the example lists have been created,
flatten-REST is called recursively to process the children of the new node. update-RBmin

updates the minimum model-based recognition belief for each example.
The flat REST gets pruned byprune-REST, Alg. E.3. This algorithm traverses the REST,

calculating the duration of each branch. When a leaf node hasbeen reached, it removes,prune-
examples, from the example list in this node the examples that are not useful to the refinement
process, i.e., those which have not received feedback. On the way back to the root node,
parent-examplesselects the examples in a non-leaf node that have been found useful in its
children. The example weights are scaled inprune-examples, where the feedback value for
each example is scaled by the model-based recognition belief of each REST branch.
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Input: the examined event:ei; its REST:Ti; list of events in inverse partial support order:E.

Output: the new parameter settings:Sol.

Globals: distance windows:Ws; T-FFCN links:S; recognition belief lists:RB; the RESTs:T .

RAPSalloc(ei, Ti, E) :

(ai, ei, es, ((aj , si), di)) ∈ S ∨ (ai, ei, es, ((ai, si), di) ∈ S
(ai, wsi) ∈ Ws, (ei, RBi) ∈ RB
Xi ←prune-examples(RBi)
(Ti, RBmin)←flatten-REST(ai, 0, wsi, Ti, 0, {})
Xi ← set-minRB(Xi, RBmin)
Ti ←prune-REST(ai, 0, Ti, Xi, 0)
Sol←RAPSref(ai, Ti)
Ti ←postprune-REST(Sol, Ti)
Fi ←allocate-feedback(Ti)
RB ←update-RB(Fi,RB)
IF E 6= {}:

ej ←head(E), (ej , Tj) ∈ T
Sol1 ←RAPSalloc(ej, Tj,tail(E))
RETURN Sol← Sol

⋃

Sol1
ELSE: RETURN Sol

Algorithm E.2: Algorithm for propagating the training feedback to intermediate events.

Input: the currently examined level of the REST:ai; the current depth in the REST:l; the REST:
Ti; the useful examples:Xi; the duration of the examined branch:db.

Output: the pruned REST:Ti.

Globals: T-FFCN links:S.

prune-REST(ai, l, Ti, Xi, db) :

T ′

i ← {}
∀(s, d, Pos, Neg, Tc) ∈ Ti:

d′b ← db + s + d
IF Tc = {}: % leaf node

(Pos′, Neg′)←prune-examples(Pos, Neg, Xi, d
′

b, l)
T ′

c ← {}
ELSE:

l′ ← l + 1
(aj , ej , es, ((ai, sj), dj)) ∈ S % both repeating and conjunctive
T ′

c ←prune-REST(aj , l
′, Tc, Xi, d

′

b)
(Pos′, Neg′)←parent-examples(T ′

c, Pos, Neg)
ENDIF
IF (Pos′ 6= {} ∧Neg′ 6= {}):

T ′

i ← T ′

i

⋃

{(s, d, Pos′, Neg′, T ′

c)}
ENDIF

RETURN T ′

i

Algorithm E.3: Algorithm to keep only the REST nodes which contain useful examples.
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Input: the currently examined level of the REST:ai; the current depth in the REST:l; the distance
window: wsi; the REST:Ti; the duration of the examined branch:db; minimum RBs in the
path so far:CFb.

Output: the flat REST:Ti; the minimum model-based belief for each example:RBmin.

Globals: distance windows:Ws; T-FFCN links:S.

flatten-REST(ai, l, wsi, Ti, db, CFb) :

T ′

i ← {}, RBmin ← {}
∀((s, CF s), D, Pos, Neg, Tc) ∈ Ti:

∀(d, CF d) ∈ D:
(Tc, T

′

c)←flatten-children(Tc, wsi)
CF ← min(CF d, CF s)
d′b ← db + s + d
(Posd, Negd, CF d

b )←flatten-examples(d, d′b, CF, CFb, Pos, Neg)
IF ∃(ai, ei, es, ((ai, si), di)) ∈ S % repeating

l′ ← l + 1, repetitions(ei, (n
−

i , n+
i ))

(T ′

c, RB′

min)←flatten-REST(ai, l
′, wsi, T

′

c, d
′

b, CF d
b )

T ′

i ← T ′

i

⋃

{(s, d, Posd, Negd, T ′

c)}
IF l′ > n−

i : update-RBmin(RBmin, {RB′

min

⋃

CF d
b })

ELSEIF ∃(aj , ej, es, ((ai, sj), dj)) ∈ S: % non-leaf
(aj , wsj) ∈Ws

(T ′

c, RB′

min)←flatten-REST(aj , l, wsj , T
′

c, d
′

b, CF d
b )

T ′

i ← T ′

i

⋃

{(s, d, Posd, Negd, T ′

c)}
RBmin ←update-RBmin(RBmin, {RB′

min

⋃

CF d
b })

ELSE: % leaf
T ′

i ← T ′

i

⋃

{(s, d, Posd, Negd, {})}
RBmin ←update-RBmin(RBmin, CF d

b )
ENDIF

RETURN (Ti = T ′

i , RBmin)

Algorithm E.4: Algorithm to flatten the REST.



Appendix F

Sources for marine mammal
recordings.

The following is a list of institutes which have archives of whale recordings:

Whale Conservation Institute (WCI). The director of the institute, Dr. Roger Payne, is the
person who initiated the systematic analysis of the humpback whale song. Some of his
most influential papers can be found in the list of referencesfor this thesis. WCI has a
large archive of recordings of humpback and other whales, including most of the material
used in the papers by R. Payne, K. Payne, P. Tyack, L. Guinee and others. In addition
to recorded songs on tape, they have spectrogram logs and analysis notes for humpback
whale songs. The address of the institute is:
Whale Conservation Institute, 191 Weston Road, Lincoln, MA01773, USA.

Cornell Laboratory of Ornithology. The lab concentrates mainly on bird song. Its Library of
Natural Sounds (LNS) contains more than100, 000 recordings. However, it also runs the
Bioacoustics Research Program (BRP), a large part of which is devoted to the analysis
of whale sounds. The director of this program, Dr. Christopher Clark, is also heading a
research effort named Acoustic Thermometry of Ocean Climate (ATOC), which includes
work on Marine Mammal behaviour. Finally, BRP is also involved in the use of the US
Navy’s Integrated Undersea Surveillance System (IUSS) forthe study of whale sounds
[71]. The address of the laboratory is:
Cornell Laboratory of Ornithology, PO Box 11, Ithaca, NY 14851, USA.
There is also some information on the WWW:
http://www.ornith.cornell.edu, http://atoc.ucsd.edu

University of Oxford, Department of Zoology. Dr. Jonathan Gordon is interested in the au-
tomatic classification of whale species by sound and has started an effort to digitise
some of the recordings of the WCI. For more information, contact Dr. Gordon or Justin
Matthews at:
Department of Zoology, Oxford University, South Parks Road, Oxford, OX1 3PS, UK.

Woods Hole Oceanographic Institution (WHOI). Dr. Peter Tyack and Dr. William Watkins
are interested in whale sounds. They can be contacted at:
Biology Department, Woods Hole Oceanographic Institution, Woods Hole, MA 02543,
USA.
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Appendix G

Frequency ranges for context-sensitive
units

Session 1 Session 2 Session 3 Session 4 Session 5 Session 6 Session 7 Session 8 Session 9 Session 10
Unit

( min , max ) ( min , max ) ( min , max ) (min, max ) (min, max ) (min, max ) ( min , max ) ( min , max ) ( min , max ) ( min,max )

a ( 250 , 300 )( 250 , 300 )( 200 , 300 )(200, 300 )(100, 200 )(100, 300 )( 100 , 400 )( 100 , 250 )( 200 , 300 )( 200 , 400 )

b ( 600 , 750 )( 550 , 750 )( 550 , 750 )(550, 850 )(700, 800 )(700, 800 )( 550 , 850 )( 550 , 950 )( 600 , 700 )( 650 , 800 )

c ( 500 , 600 )( 500 , 600 )( 450 , 600 )(350, 500 )(450, 700 )(450, 600 )( 450 , 600 )( 450 , 600 )( 350 , 550 )( 350 , 500 )

d ( 600 , 750 )( 550 , 650 )( 550 , 700 )(550, 750 )(700, 850 )(700, 850 )( 650 , 850 )( 600 , 700 )( 600 , 700 )( 600 , 700 )

b′ ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( 550 , 750 )( - , - ) ( - , - ) ( - , - )

c′ ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( 450 , 750 )( - , - ) ( - , - ) ( - , - )

e ( 250 , 650 )( 300 , 850 )( 250 , 900 )(400,1050)(400,1250)(350,1050)( 350 , 850 )( 400 , 850 )( 350 , 850 )( 300 , 800 )

e′ ( - , - ) ( - , - ) ( - , - ) (450, 750 )( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

f ( 600 , 700 )( 550 , 850 )( 300 , 750 )(550, 750 )(650, 800 )(350, 850 )( 550 , 850 )( 450 , 850 )( 550 , 750 )( 650 , 800 )

g ( 350 , 500 )( 250 , 450 )( 250 , 400 )( - , - ) (350, 600 )(250, 450 )( 300 , 550 )( 300 , 400 )( 250 , 400 )( 250 , 400 )

h ( 650 , 850 )( 500 , 750 )( 600 , 800 )( - , - ) ( - , - ) (650, 850 )( 850 , 950 )( - , - ) ( 600 , 750 )( 700 , 800 )

i ( 100 , 300 )( 100 , 450 )( 100 , 400 )( - , - ) (100, 700 )(100, 700 )( 200 , 750 )( 100 , 700 )( 100 , 700 )( 100 , 700 )

j ( 350 , 450 )( 250 , 450 )( 200 , 450 )(200, 400 )(250, 550 )(250, 400 )( 200 , 550 )( 300 , 400 )( 250 , 400 )( 250 , 500 )

k ( 650 , 750 )( 550 , 750 )( 550 , 750 )(750, 850 )(650, 900 )(550, 900 )( 450 , 850 )( 750 , 900 )( 700 , 800 )( 800 , 950 )

l ( 350 , 550 )( 300 , 650 )( 300 , 750 )(300, 700 )(300, 900 )(250, 800 )( 250 , 850 )( 350 , 800 )( 250 , 650 )( 250 , 850 )

m ( 50 , 100 )( 50 , 150 )( 50 , 200 )( 50 , 150 )( 50 , 200 )( 50 , 150 )( 50 , 200 )( 100 , 250 )( 100 , 250 )( 50 , 150 )

n ( 100 , 700 )( 250 , 550 )( 100 , 550 )(100, 700 )(100, 650 )(100, 700 )( 250 , 750 )( 100 , 550 )( 250 , 550 )( 100 , 600 )

o ( 350 , 550 )( 350 , 650 )( 300 , 550 )(300, 550 )(300, 450 )(350, 550 )( 350 , 600 )( 350 , 550 )( 250 , 400 )( 250 , 400 )

p ( 300 , 400 )( 250 , 350 )( 300 , 550 )(250, 500 )(250, 400 )(250, 450 )( 300 , 550 )( 350 , 500 )( 250 , 400 )( 250 , 450 )

q ( 100 , 700 )( 250 , 500 )( 100 , 550 )( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

r ( 350 , 550 )( 350 , 550 )( 250 , 550 )( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

s ( 300 , 400 )( 300 , 400 )( 400 , 600 )( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

t ( 450 , 550 )( 450 , 550 )( 850 ,1550)(450, 550 )(400, 550 )(450, 600 )( 550 , 600 )( 650 , 750 )( 700 , 800 )( 300 , 450 )

t′ (1050,2050)(1550,2350)( 50 , 250 )( - , - ) (850,1450)( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

t′′ ( - , - ) ( 550 ,2350)(1550,2150)( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - ) ( - , - )

u ( 100 , 200 )( 100 , 400 )( 50 , 250 )(200, 300 )(100, 250 )(100, 250 )( 350 , 600 )( 350 , 550 )( 250 , 400 )( 250 , 450 )

v ( 100 , 200 )( 100 , 400 )( 50 , 250 )(200, 300 )(100, 250 )(100, 250 )( 350 , 600 )( 350 , 550 )( 250 , 400 )( 250 , 450 )

w ( 450 , 550 )( 450 , 550 )( 450 , 600 )(450, 550 )(550, 650 )(450, 550 )( 450 , 550 )( 650 , 750 )( 750 , 950 )( 400 , 550 )

x ( 800 ,1550)( 800 ,2050)( 750 ,1550)(700,1550)(750,1550)(750,1650)(1050,1550)(1550,2250)(1550,2050)( 850 ,1550)

y ( 250 , 350 )( 100 , 300 )( 50 , 250 )(200, 300 )( 50 , 250 )(100, 250 )( 350 , 600 )( 350 , 550 )( 250 , 400 )( 250 , 450 )

z ( 250 , 350 )( 100 , 300 )( 50 , 250 )(200, 300 )( 50 , 250 )(100, 250 )( 350 , 600 )( 350 , 550 )( 250 , 400 )( 250 , 450 )
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