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Abstract

The central aim of this thesis is to develop novel approatbebe representation and the
refinement of event recognition models. The event recagngystem is viewed as a temporal
expert system, which searches for interesting patternstream of temporally indexed data.
The format of the input stream is unusual in comparison todsted work on event recognition,
such as speech and sound recognition. It consists of tiamepstd events, rather than a set of
signal properties measured at fixed time intervals. Thism&trhas only recently been studied
in the area of temporal event recognition.

This thesis proposes a new graphical representation wagailitdtes explicit modelling of
time. The recognition model is a hierarchy of events, eadinele as a sequence of subevents.
A distinction is made between low-level events, used in tipaii data stream, and high-level
events, defined by the model. Each event definition in the hmaestrains the duration and
temporal association of subevents. This approach naturaiidles overlapping events, which
have been overlooked in event recognition systems that timadel time explicitly.

Using this graphical representation, a novel method fonirgfithe temporal constraints of
amodel is presented. The refinement of the model is basedmalktsaining set, consisting of
a sequence of low-level events and the high-level eventstvatiould be recognised. The small
size of the data set does not allow the use of empirical legnmethods. Instead, a knowledge
refinement approach is adopted, which utilises the origimadiel parameters to guide the re-
finement process. This approach differs from standard lenyd refinement methods, in that
it can handle the temporal aspects of event recognitionticBkar emphasis is given to the
association of low-level to high-level events — informatibat is not provided in the data set.

Two modes of refinement are examined in the thesis: full amtapasupervision. The
former requires the provision of training information fdt af the high-level events in the
model. This assumption is relaxed under partial supemjsighere training information is
provided only for the events at the highest level of the m@igal model. The issue that arises
under partial supervision is the correct distribution @& timited training information to all of
the events in the model.

The performance of the refinement method is evaluated onl-svoell problem: the the-
matic analysis of the humpback whale song. The song of huokplvhales has been exten-
sively studied and analysed in the biological literaturd data has been collected, in the form
of tape recordings. An event recognition model is derivedtli@ song and the refinement
method is applied using a small set of songs. The resultseoéthluation are very encourag-
ing, showing that the system is able to improve significaatiynitially inaccurate model, even
with the use of very limited training data. This result sugfgehat the method is suitable for
structured hierarchical models, such as that of the hunkplvale song. Models of this type
are used in a wide range of other event recognition taské$y asidault diagnosis and image
sequence analysis.
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Chapter 1

Introduction

The task dealt with in the thesis is the refinement of everdgeition
models using small datasets. The need for event recogrtionrs in
a variety of real-world problems. This thesis follows thegagach of
temporal event recognitignin which a declarative model of the events
to be recognised is provided, together with an explicitiafiee strategy
for recognising events. A novel representation for the exerognition
model is proposed, which facilitates efficient event re¢gm. Further-
more, a novel method for refining event recognition modelsresented
in this way, is presented. The refining method is the mainrdmutton
of the thesis. This chapter presents the event recogniiginih more
detail, setting the constraints and goals for the thesis.

1.1 Eventrecognition

Marine biologists have been studying the sounds of whalea fong time. One of the ben-
efits flowing from these studies is the ability to distinguisttween different species [12], or
populations of the same species [78, 112] and monitor clsaimgthe size of the populations.
The sounds emitted by humpback whales have attracted ydartigttention, because of their
interesting song-like structure [79]. By just listeningatoecording, experts in the field are able
to recognise the humpback whale song and even identifyritstaral components. In fact this
is the method of analysis, which was used in early studieb@fkbng. This approach has a
clear limitation, i.e., the inaccuracy of human acousticpption. It was soon replaced by a
more systematic method, in which the spectrogram of a rauprelas produced and analysed.
A spectrogram is a plot of the acoustic signal in the frequeatwmain. It depicts the frequency
components of the uttered sounds, as acquired by a Foansfarmation, 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 wé@hg. Recorded in Hawaii
on 7/2/1978.

The visual representation of the sound as a spectrogramveasllgcientists to make more
accurate measurements of the song components and coretgecteric model of the song
[79, 76]. This model in turn was used to make other intergstinservations, e.g. that the song
sung by all individuals in the same ocean basin, at any poititie, is very similar. The model
functioned as a set of guidelines, describing how to identiferesting components of the
song and compare these in different recordings. In morerigeteems, the task of identifying
interesting song components in the spectrogram or thediegpitself is anevent recognition
task The events are the song components and recognition isvadhiy applying the song
model to the recording. An attempt to automate part of thie@ss is presented in chapter 7.

Similar kinds of problem occur in many domains. Exampleschhdeal with acoustic

signals are:

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

bird, which requires the identification of characteristieisds and structure.

Speech recognition and understanding ([86, 29])This task involves the recognition of
phonemes in continuous speech or isolated word utteramzkthair 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 etgpthe task is easier as they

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

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

events has been of particular interest in military apploces.

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 whiobnevecognition is required.
For example, in the recognition of faults in airplane tudsinseveral other properties of the
operation of the machine can be monitored, e.g. temperafltteough 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 procésg b®nitored.

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

tored over time with the goal of recognising interestingmteena, e.g. business cycles.

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

trolled experiment to macroscopic phenomena, such as filesen 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 havenmuan, i.e., what are the
generic features of event recognition. A strict definitidmeent recognition is not in the scope
of this thesis. However, the properties of the task whichodgarticular interest to the thesis
are the following:

e Measurement over time. There is a real-world process, whéshobservable, time-

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

than one such processes and more than one property of eadsprie measured.

LA task which has attracted more attention in economics amhdia is thepredictionof events, which can be
seen as recognition of events which are to occur in the futBrediction 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 signalg;iwtonstitute the input to
the event recognition system.

e Events. The final aim in the task is the recognition of inttingsphenomena, i.e.,
events, in the data-generation process. For the purpodke diesis, a distinction
is made betweeimstantaneousnddurativeevents. The former type corresponds to
phenomena which happen at a particular point in time, whiddatter are associated
with a start and end time-point, i.e., they have a duratiom.erample of the former
event type is the failure of a machine in an industrial preaasthe collision of par-
ticles in a physics experiment. Durative events are thearite of a sentence in a
speech recognition problem or a note generated by a mussaliment. Instanta-
neous events can also have a duration, measured at the agigrdipne-scale, but it
is not of interest to the task. Similarly, a durative event ba expressed in terms of
the instantaneous events of its beginning and end, butdtscagion with the period
in which it took place is significant.

e Event recognition model. The recognition of events in aestref input data is based
on a model relating these events to the input signal. In aatethevent recognition
systems, this model can take various forms, e.g. a set ouptiod rules, a neural
network or a mathematical model. The model provides a magpgfiinteresting pat-
terns in the signal, to the corresponding events. Note thabie applications, e.qg.
industrial fault detection [95], an additional model of t@mplete process is avail-
able, excluding the events of interest. Such a model canih@etecting interesting
events, but not in recognising them. This type of detect®ondat considered in the
thesis.

¢ Inference strategy. This is the method describing how thdehis used to recog-
nise events in the data. In some cases, particularly in letuhyd-based recognition
systems, the strategy is elaborate and independent of tdelmtm other systems,
though, e.g. feed-forward neural networks, it is implicitthe design of the model
and it is not considered a separate part of the system.

Figure 1.2 presents a diagrammatic overview of an evengreton system. The system uses
an inference strategy to apply the event recognition mauléhé input signal and recognise

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

1.2 Problem description

This thesis proposes a knowledge-based approach to ewsginidon, i.e., a declarative rep-
resentation of the model and a symbolic inference stratégyhis context, a number of as-
sumptions are made about the event recognition task. Iicpkt it is assumed that:
e The recognition model consists of two separate levels. Thelével is a mapping
of signal properties to intermediatiww-levelevents. The second is not concerned
with the signal at all, but only with the events recognisedhsylow-level system. It
maps the low-level events ontigh-levelevents of interest. The motivation for this
two-layered architecture is an attempt to capture the #spenvolved in the event
recognition task in a high-level declarative model. In othwerds, it is assumed that
it is easier for a human expert to describe the mapping betteeelevel events and
high-level ones, than to explain the process of recogniewgevel events. Thus, of
the two levels only the second is examined in the thesis anddfierth the term event
recognition model will be used to refer to this high-leveldeb
e Events are durative, i.e., the start and end times of eveatsignificant.
e The model is a set of production rules, which contains nurrternporal parameters,
constraining the mapping of low- to high-level events. Thesll be referred to as

the model'stemporal parametersr constraints
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Further assumptions and representation details for that egeognition model and the infer-
ence strategy are discussed in chapter 3. Figure 1.3 is eathaggtic description of Fig. 1.2

modified to incorporate the above assumptions.
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Figure 1.3: Two-level event recognition. The thesis death the highlighted parts of the
system. The icons in the low-level and high-level event gaition modules correspond to a
Hidden Markov Model (discussed in chapter 2) and a Tempolaé<fication Network, i.e.,

the representation introduced in this thesis (see chapter 3

As an example, consider the task of recognising interegi@ttgrns in the song of a whale.
Figure 1.4 instantiates the model description of Fig. 113tlis task. The low-level recog-
nition module is called anit classifierand outputs a sequence of units, i.e., time-stamped
events extracted from the recorded signal. Referring to Eify a unit is a continuous seg-
ment of the signal, separated from other units by silence. ir&tance, at the beginning of
the song in Fig. 1.1 there is a sequencd D&imilar units of low fundamental frequency and
rich harmonic structure. The module of interest to the thesithetheme classifierwhich
searches for patterns of units and maps them onto highdeesits, calledhemesin Fig. 1.1,
the song is separated into seven themes each of which is tiepef phrases also identi-
fied in the spectrogram. Each phrase has a characteristictuniture. Thus, the low-level
events, i.e., the units, are mapped by the theme clasgificatiodel onto high-level events,

i.e., phrases and themes. Phrases are defined in terms skegoinces and themes in terms
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of phrase sequences. The temporal constraints specifyutiatiah and temporal relations be-
tween units/phrases for the recognition of the correspandhrases/themes. The details of the
theme classification task are discussed in chapter 7. Natéhb termgecognitionandclas-
sification are used interchangeably, because the proposed evenhitemogystem performs

recognition by classifying low-level event sequences thevents of interest.
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Figure 1.4: Overview of the theme-classification systermhfonpback whale songs.

Having defined a system of the type shown in Fig. 1.3, itisrdé to be able to modify the
event recognition model, in the light of experience. In jgattr, a supervised learning method
is sought, which will modify the model, so as to correctlysslidy a small set of training data.
This process is referred to asodel refinemerdnd can take two main forms:

e Model restructuring aiming at the modification of the logical structure of thedal

e.g. the unit sequence defining a phrase in the whale song.
e Parameter refinement.e., the modification of the numeric parameters of the hode
e.g. the required duration of a unit for the recognition oheage.
The focus of the thesis is on the refinement of the temporalpaters. The assumed scenario is
that a human expert provides the event recognition modglding approximate estimates of
the temporal parameters. The exact determination of thempeter values in a realistic model

is a difficult task. For this reason, a refinement method i®kbped, which automates the
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assignment of parameter values. Figure 1.5 augments ttesysFig. 1.3, with the two types

of refinement. The modules of the system which are examindtkithesis are highlighted.
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Figure 1.5: Knowledge refinement in the proposed event r@tog scheme. The thesis deals
with the highlighted parts of the system. The icon in the paair refinement module repre-
sents the modification of parameters in a simple two-dinteradiparameter space.

low-level
events

In summary, the thesis aims at providing:

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

2. aninference strategy for recognising events, using aehregresented in that way,

3. a method for refining the temporal parameters of the ewsmatgnition model, using
a small set of data.

The focus and main contribution of the thesis is the refindmesthod.

1.3 Challenges and constraints

The problem description presented above provides a geastiathe, ignoring the technical
details of the task and focusing on the goals of the thesisantixng the problem in more
detail, a number of challenging issues and problem featmex 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 hatdeast one common charac-
teristic: they aim to construct a robust model which perfomvell on unseen data, i.e., data
that are not included in the training set. This is achievedhayprocess of generalisation of
the training data, which ideally results in a model desodlgeneral patterns of interest to the
task. The degree to which robust generalisation can bewathidepends on the quality of the
data and the generalisation algorithm. The data must beseptative of the problem that is
solved and sufficient in number to allow general conclustorise drawn. Thus, the size of the
training set plays an important role in the success of thenieg process. In many cases, the
lack of sufficient training data means that generalisatsomot possible.

However, there are several real-world problems where tie al@ scarce, but useful in
modelling the problem. Examples of such event recognitimblems are:

e Modelling of natural disasters.

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

e Failure of the engine of an airplane.
Some of these and other similar problems have been modalety expert knowledge about
the task, often combined with experimental evidence to eediriheoretical model. The im-
portance of combininglomain knowledgevith empirical modelling has been acknowledged
even in early work in machine learning, e.g. [59], where tbe of domain knowledge has been
suggested, to compensate for the lack of training data. Mexwvdomain knowledge comes in
various forms and the learning method has to be adapted tavilble knowledge. For in-
stance, the available domain knowledge for the humpbackengweg may be a set of rules for
recognising phrases and themes, but it could also be a stichecognition model, such as a
Hidden Markov Model (see chapter 2). Also the amount and tfgaowledge that is needed
to compensate for the shortage of training data dependsearothplexity of the learning task,
e.g. model restructuring or parameter refinem&mowledge refinemerig a field of machine
learning, in which domain information is combined with hiaig from data. The motivation
for the approach is usually a combination of insufficientadat complex model to be learned
and the existence of useful domain knowledge.

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

ment method performs a type of knowledge refinement, takitggaccount the peculiarities of
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the event recognition task. The basic assumptions areltbaype of event which is modelled
is rare and that sufficient expertise exists for building mitial model. This model will be
inaccurate and will need to be refined by the use of the trgidata. Once the initial model
is available and represented in the appropriate way, it eamsbd in various ways to guide the
refinement method. One such use of the domain knowledge hvidhiof particular interest to
the thesis, is the subdivision of the refinement task in a Wwayitmproves the use of the data.
This is achieved by a hierarchical decomposition of evefihiiens, inherent in the represen-
tation of the model. Chapter 4 examines in more detail tHedfgefining an event recognition

model using such a representation.

1.3.2 Input data

The input data used by the event recognition system aregedwvas a stream of events, e.qg.
units in the case of the whale song, each consisting @i§aature i.e., a unique label, and
a time stamp denoting its start and end time. For instanagnga 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., evelBtfrom time 3 to time 5, etc., where the measuring scale
for time is application-dependent. This format requiresfi@ignt treatment of time than that
assumed by many existing event recognition methods. Trad approach is to use the signal as
input to the system and sample from it at regular time inisrvae., having an implicit model of
time in the system. The reason for not choosing this apprizetbie two-level event recognition
system mentioned above. The advantage is that temporairaions can be represented as
explicit parameters of the model, allowing flexible constion of temporal relations between
events. This modelling approach is often referred tteagporal event recognitionrChapter 3
investigates this property of the model in more detail.

An immediate result of this input format is that the systemdsfied about the recognition
of an event only when the event ends. Thus, events appearandiag end-time order. Due to
the correspondence between low and high-level events,at efithe latter type is recognised
when a corresponding sequence of low-level ones have beegnised, i.e., ho sooner than

the end time of the last event in that sequence. For instahegent W is defined as &
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followed by aC, W cannot be recognised before the recognitio'¢f0, 15). This property

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

1.3.3 Overlapping events

Another phenomenon, which is unusual for standard work anevecognition is the use of
events which overlap in time. Indeed, overlapping eventsbmignored when concentrating
on the lower event recognition levels, where a single signekamined, e.g. low-level speech
processing [109, 86]. The separation of the high-level exemognition process from the input
signal, or signals, makes this assumption less reasoriabdmts may be happening in parallel,
recorded on the same or separate signals. This phenomepearapn many realistic event
recognition tasks, e.g. auditory scene analysis [51] anld facognition in telecommunication
networks [25].

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

sented work:

e The representation of the event recognition model needddreas the issue of mu-
tual exclusiveness of high-level events. In other words, @zerlapping high-level
events share sequences of low-level ones? For examplegnt gvcorresponds to
eventsA and B and evenfY” to A andC, can both events be recognised in the se-
quence presented above?

e The model representation also needs to determine thelsteuat an event sequence
and the allowed temporal relations between events. For gbearif eventZ corre-
sponds tad and B, which of the two possible occurrences®fZ(2,6) or Z(2, 10),
should be recognisedZ(2,6) is recognised using3(3,5) and A(2,6), i.e., B is
recognised beforel. The opposite holds fo# (2, 10), which is recognised using
A(2,6), B(8,10).

e The assumptions made about overlapping events in the esemgmition system af-
fects the complexity of the refinement task, i.e., the segpetce for temporal param-
eters which cover the training data.

In order to achieve an efficient event recognition systemandable refinement method, the
type of event that is expected by the system is restrictedhapter 3. However, overlapping

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

The handling of time is clearly a very important aspect of @@ng recognition system. As
mentioned above, the system developed in this thesis dadwwe an implicit model of time
and allows temporal relations to be defined between evetis.n@tural option for the repre-
sentation of time in such a system is a temporal logic adaptttke problem at hand. Temporal
logics have interesting theoretical properties, but caunlten an inefficient system if used in
their full generality. In other words, there is a trade-offtwween expressive power and ef-
ficiency of the representation and the balance between theséeatures is important for a
practical system.

The proposed event recognition system makes a humber ofifsiimgp assumptions about
the type of event that is used and the mapping between logl-dad high-level events. With-
out doubt these assumptions restrict the applicabilityhef $ystem to a particular class of
event recognition problems, which, however, contains gelaumber of interesting problems.
Chapter 3 discusses the assumptions in detail and chapppligsathe system to a real-world
problem. The immediate benefit from simplifying the hangllaf time is increased efficiency
in event recognition. Additionally, the simplifying assptions are used in the development of
a refinement method for the temporal parameters. Withogetlassumptions, the parameter

space for this relational refinement task would have a vagl dimensionality.

1.3.5 Training examples

The training data for the refinement of the event recognitimdel are not in the format ex-
pected by most machine learning methods. In a typical legrproblem the training data
consist of feature-vector object descriptions and thecstsal class for the object. This is not
the case in the event recognition scenario examined inlb&Eg. The stream of input events is
not divided into examples, i.e., into low-level event semres associated to high-level events.
Thus, the refinement method needs to construct the traimaggles, using the low and high-
level events present in the training set. For the purposesfiofement, the low-level events
in the training set are referred to eput dataand the high-level ones dsedback dataFor

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 tel andB andZ to A, B, C.

This feature of the training data affects the represemtaifdahe search space for the refine-
ment task and the refinement method itself. One problem tfsstsa for instance, in the above
example, is that there is more than one sequence in the impaitnhich 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 notionafernative positive examplediscussed in chapter 4.

The construction of negative examples from the training datroduces additional prob-
lems, since no negative feedback for misrecognised evemiovided. Instead, the set of all
examples which could be recognised but do not appear in #abéek data are considered
negative. In the above example, the sequefit® 6), B(8, 10) is a negative example of event
Y. This weak type of negation increases the complexity of #aech space for refinement. The
problems appearing in the construction of the set of exasmgale further discussed in chapter
4. Simplifying assumptions, about the permissible typeveiné 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 thatféedback available in the
training data does not cover all parts of the knowledge bésehe context of a production
rule system for classification, this means that the teactwiges information only about the
terminal items in the inference chain. The correctness tfrinediate inferences has to be
deduced on the basis of this partial training informatiorhug, the question that arises is
which part of the inference chain should be modified, if neags in order to achieve correct
classification of the training data. This question is usualiswered by heuristics, which take
into account both problem-independent information, dug.extent of the required change, and

problem-specific information, e.g. the functionality offdient rules in the production rule set.
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A similar problem arises in Multi-layered Perceptrons (Ml.Pwhere the nodes in the
hidden layers do not receive explicit supervision. The npogtular solution to this problem
is the weighted back-propagation of error, from the outpuhe hidden nodes of the network.
This is made possible by the distributed type of inferena #n MLP performs, i.e., the
weighted feed-forward combination of support for nodeshmhidden and output layers.

In the event recognition scenario examined in this thesis,task of refinement under
partial supervision is complicated further by the fact thaining examples are not explicitly
specified in the training data. The additional difficulty isedto the fact that there are usually
multiple inference chains, which can lead to the recogmitib a high-level event. Chapters
5 and 6 propose methods for refinement under full and panjérvision respectively and

examine this problem in more detail.

1.4 Outline of the thesis

Event recognition is a generic task appearing in a varietgatfworld problems. lichapter 2,
several of the influential approaches to event recognitieregamined briefly and a few general
approaches to knowledge refinement are presented. Therfespef the event recognition
scenario, as presented in this chapter, are used to arguentisa of these approaches are
unsuitable for solving the task of interest.

The thesis examines a type of event recognition, in whicle tisnrmodelled explicitly by
temporal relations in the event recognition model. The go#&d provide a method that facili-
tates the incorporation of domain knowledge in the model,arthe same time allows efficient
event recognitionChapter 3, in the second part of the thesis, presents a hierarchicdé vt
approach, nametdlemporal Classification Networf@ CN), which seems particularly suitable
to this type of event recognition. The assumptions made isyabproach about the type of
event and temporal relation that are used are also exarmmnadrie detail.

The main focus of the thesis is on the refinement of the terhpar@meters in a TCN
model. Section 1.3 raised some challenging issues relatistgoal, which are addressed by
the methods presented in the third part of this the€bapter 4 presents in more detail the
issues and focuses on the representation of the search gpadbe construction of candidate
modifications to the model. In addition an optimal, but ordependent, refinement algorithm

is presented, which uses a restricted-memory approach.
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The next two chapters in this part of the theslsapter 5 andchapter 6, extend the mem-
ory model, in order to provide an order-independent andeatmkerant refinement method.
These benefits are gained at the expense of heuristic soia@dipyi and higher computational
cost.Chapter 5 deals with the task of refinement under full supervision, egplicit feedback
for all of the events included in the event recognition mo@dlapter 6 relaxes this assumption
and presents a method which refines the model with the usetidlEipervision.

In the fourth part of the thesis, the methods that have begpoged are applied in practice
on an interesting real-world probler@hapter 7 describes an event recognition model for the
thematic analysis of humpback whale songs. A small set afal&encoded from spectrograms
of whale songs recorded in Hawaii, in 1978. This data setas urschapter 8, to evaluate the
applicability and performance of the refinement methodsteNiwat the methods presented in
this thesis have not been developed especially for thisagtigin and they tackle problems,
which do not appear in the humpback whale song data, e.glappémg events.

The concluding part of the thesis summarises the experiehdeveloping the methods
presented in the thesis, discussing in brief their strengtid weaknesses. Using these conclu-
sions as a starting point, potentially promising paths @ottfer research are sciagraphed.

The appendices to the thesis include the following inforomat

¢ Detailed pseudocode descriptions of the algorithms pteden the chapters.

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

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

Conventions. Each chapter starts with a brief description of the probléat the chapter
deals with and the approach which is adopted. This desmnipt separated from the main
text and surrounded by a box. Also, the concluding sectiogaith chapter presents a small
summary and a critique of the proposed method. Due to thdtymfehe methods developed
in this thesis, a number of new concepts are introduced, sinadich are abbreviated for
ease of reading. The first time that a new concept is intratiuités emphasised iitalics
and, if abbreviated, the abbreviation appears in bracletsta it. Non-standard abbreviations
are expanded the first time they are used in each chapter, easiader of the concept they

represent.



Chapter 2

Alternative approaches

The task of event recognition is encountered in diverse dmsnais a
result, there is a variety of approaches to the problem, ofaghich dif-
fer significantly from the one proposed in this thesis. Th& fection o
this chapter examines some of these approaches, conaaptattheir,
goals and restrictions. Each approach represents anduodiviesearch
area with extensive activity. Therefore, no attempt is madgrovide
an exhaustive account of the work under each topic. The tioteis
to present an overview of the approaches and show why mokieaf
are inappropriate for the problem of interest. This arguneebhased on
the problem description presented in chapter 1. In a simi@nner, the
second part of the chapter presents alternative methodefioement
These methods are not used in the thesis, because they aseitablie
for temporal models. However, they might become applicabtle re-
finement of event recognition models by either extendingrkéhods of
reformulating the problem. Neither of these modificatioas heen con
sidered in the thesis. Thus, the non-suitability of the rdthpresente)
in this chapter is conditional on the problem descriptiod tire standar
description of the methods in the literature.

—

oo

2.1 Eventrecognition

The event recognition scenario presented in chapter 1 éscas one particular view of the
problem. Several assumptions have been made about thet foirtha input data and the prop-
erties of the recognition model which are not shared by mmstaaches to event recognition.
The following list summarises these assumptions:
e Symbolic, time-stamped input. The input data is a streanowflevel events and
their associated start and end times.
e Overlapping events. Events in the input stream are allowenlérlap on the time

axis.

31
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e Explicit modelling of time. The model should facilitate tegplicit temporal associ-
ation of low-level events.

e Variable time scale. The event recognition model may comditemporal relations
which use different time scales. Thus, the inference masirashould allow the
association of events over long and short time periods.

e Efficient event recognition. The structure of the event gaition model should allow
the design of an efficient inference algorithm.

The motivation and details of this problem specification pr@vided in chapter 1 and elab-
orated in chapter 3. Here, the above assumptions act agafive the appropriateness of
standard event recognition methods to the problem. Eacheofdllowing sections presents

briefly an event recognition approach and the restrictibasit imposes on the task.

2.1.1 Hidden Markov Models (HMM)

Hidden Markov models are very popular for modelling stotioagrocesses and have been
successfully used as event recognition systems. One arei\iliey have had considerable
success is speech recognition, e.g. [87, 86], which inclgdgeral event recognition tasks. For
example:

¢ Classification of isolated word utterances.

e Phoneme or word recognition in continuous speech.

e Phrase identification in continuous speech.

The usual approach in speech recognition is to construct\iil ifor each word expected to be
uttered and then calculate the degree to which particuladiwwdels match an isolated word,
or parts of a continuous speech utterance. HMMs model tinpdigitly, i.e., by sampling the
input signal at regular time intervals.

An HMM can be represented by a State Transition Network (SEhNsisting of hidden,
i.e., unobservable, states of the process and transitietwgebn them. In speech recognition,
the model usually takes the form shown in Fig. 2.1, modellivgprogression of speech utter-
ances in time. This type of model is called left-right or Bakit 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 otertainty:

e Each state is associated with a probability distributioaradl observable symbols.
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by(/a/)=0.8
b,(/t)=0.1

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

In the example of Fig. 2.1 these symbols are the phonérkés/ a/, / t/ and the
network models the wordat . In other words, each state is not deterministically
associated with a unique phoneme, but it is thought to reptes hidden state of
the process generating the utterawmed . For this reason, HMMs are considered
generative models and the probabibityp) of phoneme in statei is calledemission
probability. The emission probability distribution does not need to iserdte. An
HMM can be used to model continuous observables and evearsedft continuous
variables.
e Each transition between states is also associated withbabpitity, called theransi-
tion probability a;;, between statesandj, with the possibility thai = ;.
In addition to these two probability distributions, a prabstribution over all states needs to be
provided for an HMM. In a left-right model the prior probabilof the leftmost state i$¢ and
that of all otherd). As a generative model, a left-right HMM starts from theredist state and
emits one of the symbols in that state, according to the éomiggobability distribution. At
the next time step it moves to the next state according tarémsition probability distribution.
This state may be the same as the previous one. Due to thestiochature of the model, the
generative process can account for different state-transsequences and different utterance
sequences. Each sequence of utterances is associatedpnotbedility, which is calculated as
the product of the corresponding emission and transitiobadilities.
There are three issues which have attracted consideraérgiab in HMM research [86]:
e Calculating the match between a model and an observatgrareuttered word. This
is needed to classify the observation and involves the [zlon of the probability of
generating the word by the HMM. An efficient and optimal saintto this problem

has been developed, using a dynamic programming technoglied theforward
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procedure
e Choosing the state sequence that best explains an obeervathis is trivial in the
example of Fig. 2.1, but it is a hard problem for more complexdetis, which allow
for pronunciation variations. There are only heuristic rapghes to that problem,
e.g. theViterbi algorithm
e Estimating the parameters of the model from data, e.g. frget af utterances of the
word cat . This can be considered a learning or model refinement tatkhane are
several approaches to it. The most prominent one is a dynaragramming algo-
rithm, called theBaum-Welch algorithgnwhich performs a maximum-likelihood esti-
mation, learning from positive examples only. An altervetio maximume-likelihood
estimation is to use emaximum mutual informatio(MMI) approach, which max-
imises the discrimination between competing models.
Rabiner [86] describes these approaches in detail, togetle real-world applications of
HMMs.

HMMs have been criticised for the assumptions that they naddaut the nature of the
problem. The first-order, Markov, assumption is partidylaglevant to this thesis. According
to this assumption, the transition and emission prob&sldepend only on the current state of
the model. In other words, the symbol to be emitted at th#e stiad the state in which to move
next, are independent of the state sequence and emissitims [rast. This assumption leads
to difficulties when modelling the temporal properties ofetg in an event recognition model.
For example, duration in an HMM is implicitly modelled by thebability of self-transition in
a state. Due to the fact that probabilities are multipliezhgla state sequence, the probability
of an event decreases exponentially with its duration,adtgrd self-transitions in the first state
of the network in Fig. 2.1, the probability of emittiice/ becomesay1b1(/k/))?, causing an
exponential decrease in the match of the model to the uttwoed. This is very unnatural
and a number of alternative approaches have been considegethe imposition of minimum
and maximum duration by state duplication, in an acyclic HMAdr long duration ranges this
approach can result in very large models, with a large nurnbparameters.

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

ability between different event occurrences. This issueoisconsidered in this thesis. It is
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assumed that most of this variability is accounted for bylthelevel event recognition sys-
tem, which could use HMMs. The remaining variability at thghter level of event recognition
should be expressible in a symbolic, i.e., rule-based, &rnThe central issue in the the-
sis is the incorporation of explicit temporal constrainighe model, which is problematic in
HMMs. This is the main reason why HMMs are inappropriate fer ¢xamined event recogni-
tion task. Moreover, the implicit modelling of time is unnedl for the assumed format of the
input data, i.e., time-stamped events, and complicatesefiresentation of overlapping events.
Overlapping events are unusual in speech processing, Wiékés are most widely used. The
modelling of overlapping events corresponds to the madglif different voices in a chorus

and their temporal dependencies.

2.1.2 Artificial Neural Networks (ANN)

Artificial neural networks have been applied extensivelglassification problems, including
several types of event recognition. In those areas they l@ee mostly seen as competitors to
HMMs and have often managed to outperform them. The reasbpshey have not been con-
sidered in this thesis are similar to those mentioned abmvElfMMMs. An additional difficulty
that arises in ANNSs is the translation of expert knowledge wistributed inference model
as found in an ANN and vice versa. This issue has attractesidenable attention recently,
but largely remains an open question. Some attempts to Huklv@roblem are mentioned in
section 2.2, which looks at knowledge refinement researbis Section provides a very brief

overview of ANN approaches to modelling event recognitionbems.

Multi-layered Perceptrons (MLP). MLP is the most popular ANN architecture for classifi-
cation models. An MLP can be graphically represented by adbéd Acyclic Graph (DAG),
the nodes of which are organised into layers, usually futlyrected. Each node is associated
with an activation function, most often a sigmoidal tramsfation of the weighted sum of its
input. The input to the node is provided by the adjacent naddéise graph. The input layer
of nodes corresponds to the representation of the dataloedevel events, and the output
nodes provide the classification. Each output node correfgpasually to one class, e.g. one
high-level event. Figure 2.2 shows an example of such a mktwbue to their widespread

use, MLPs were the first ANN models to be applied to event neitiog problems, e.g. [92].



CHAPTER 2. ALTERNATIVE APPROACHES 36

The way in which this is usually achieved is by supplying acpief the signal to the ANN
as input and requesting the classification of part of it. Témeaining part acts as “contextual
information”, which is essential for performing event rgadion. A similar, static, approach,
is to first decompose the signal into events, e.g. words, applg these as input to the MLP
for classification, e.g. [35]. In both cases, the MLP ardiiiee has been criticised as being
too rigid for processing time-dependent information, €8], and has been replaced by more

suitable architectures in recent years.

Output Layer

Hidden Layer

Input Layer

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 Netwbdk]. This network consists of
two hidden layers, which aggregate information over tinaefes. Each node in the first hidden
layer receives input from a number of adjacent time framebs @mbines it in a weighted
sum, as in the standard MLP. Figure 2.3 shows a case whereghkis described by a single
feature, e.g. frequency, and four time frames are used astmfhe network. A similar process
happens at the next hidden layer, which receives the oufghedirst one over a number of
time frames. In Fig. 2.3, the second hidden layer uses thmibof the first hidden layer over
two time frames. The time scale of the hidden stream diffessfthat of the input stream.
Their correspondence depends on the overlap between cnseinput patterns. If there is

no overlap, two time frames in the hidden stream of Fig. 218espond to eight in the input
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stream. The output nodes perform a weighted summation obukgut of the nodes in the

second hidden layer, using a set of non-trainable weightgs drchitecture can result in very

Q Output

Hidden2

M N Hidden1

Input

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

large parameter spaces, slowing down the learning ratereguiring a large training set. In
a simple phoneme-classification example, given in [108];+ 3) hidden nodes resulted in
504 adjustable weights. However, the use of temporal inforomaitn the model improves its
performance over the simple MLP. An extended version of th&IN is incorporated in a large
speech-to-speech translation system, called JANUS [10&Jrestingly, JANUS has been used
with overlapping speech, by two different speakers, resroh separate channels. However,
this situation can be divided into two separate event reiiogrproblems, which do not need
to be combined. Therefore no modelling of overlapping evéntnecessary. Modelling of

overlapping events with a TDNN is problematic.

Recurrent Neural Networks (RNN). Another approach to modelling time with ANNSs is
the Recurrent Neural Network. An RNN extends the layeretiitacture of the MLP, with

additional links from the output to the hidden nodes. Thaueslgenerated by the output
units are processed as additional input in the next timedrgroviding information about the
previous state of the process. Figure 2.4 illustrates thetsire of an RNN. An alternative

to using the values of the output nodes as contextual inpat isse the output of the hidden
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nodes for the same purpose. One problem with RNNs, whichsts alproblem of TDNNSs,
is that they cannot model temporal relations over long jpistioAs a result, these systems
have mostly been used for phoneme recognition, e.g. [108E i$sue of modelling longer
temporal relations with RNNs has attracted consideralientibn lately, e.g. [6]. Another
open question for RNNs is the translation of declarativesdedge to an RNN and vice versa.
Efforts in that direction have concentrated in knowledgeesented by deterministic [72] and
non-deterministic automata [32]. The motivation for thisrwis the translation of HMMs for
speech recognition into a distributed neural network regmé&ation. This would allow the use
of ANN learning algorithms for this kind of model. Even if heffort were to be fruitful,
however, an automaton representation and the corresgpiRiiN would not be suitable for

the problem examined in this thesis, as explained in setibn.

S ‘ S 3
Q Q Output Layer

‘ context ‘

Hidden Layer

Input Layer

Figure 2.4: A Recurrent Neural Network (RNN).

2.1.3 Knowledge-based signal processing (KBSP)

Hidden Markov models and neural networks are particulaxliable to low-level event recog-
nition tasks, due to their stochastic modelling capabgitiThey are less appropriate for high-
level event recognition, which involves temporal relaticat a larger time scale and the ag-
gregation of information from separate sources. This &ton arises from their implicit mod-
elling of time. An example of a high-level event recognitagpplication is the speech-to-speech

translation system JANUS [105], mentioned above. In sugysgem the usual approach is to
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provide knowledge-based models which facilitate the heylel interpretation of the events
recognised at lower levels.

One of the earliest and most influential systems which addapie approach is HEARSAY
II [29], which dealt with the problem of speech understagdim this system a new problem-
solving strategy was introduced, calledportunisticproblem solving, which uses the idea of
a blackboard architecture This architecture uses a global data structure, the “blaaid”,
which allows the communication of a number of specialisaistocalledknowledge sources
(KSs). The KSs perform a range of specific tasks, for lowllexg. signal segmentation, and
high-level, e.g. syntactic inference, speech processihg. blackboard stores the best current
hypotheses about the problem to be solved, e.g. possibiyifiée sentence, and the KSs
continuously check the blackboard, aiming to contributéhosolution. Each time, the most
promising, according to a heuristic, KS is selected andiegb the corresponding hypoth-
esis, updating the contents of the blackboard. The prolsi@iwing session ends by another
heuristic, which evaluates the quality of the current higpets, taking also into account the
effort already spent on the problem. Figure 2.5 illustrdtés process. The same approach
was adopted in another acoustical event recognition pmabieamely vessel classification by

passive sonar [70].

——» data

_> control

Blackboard
input
data

hypotheses
(possible events)

Figure 2.5: A simplified illustration of a blackboard-basggstem. The inference strategy
determines the order in which knowledge sources are apigittee current hypotheses.
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Both of the above systems using the opportunistic inferestcegy consisted of large
knowledge bases and a number of processing elementsheeknbwledge sources, dealing
with different parts of the inference. This was consideredassary, because of the scale of the
problems that were tackled. However, it resulted in very plex systems, suffering in terms
of efficiency. The main source of inefficiency is the unstuoetl problem-solving approach,
which needs to consider all KSs at each step of the solutiberélhave been several attempts
to remedy this inefficiency, primarily by structuring theadable resources hierarchically and
moving through this hierarchy, during the problem-solvaggsion. Examples of this approach
appear in [110] and [62].

A recent use of the idea of opportunistic problem-solvingesgrs in the HST (Helicopter
Signal Tracker), the components of which are described 1 #d [24]. This is also one
of the few examples, where the issue of overlapping eventensidered. The context in
which this problem is examined is the goal-oriented inviotedf appropriate signal-processing
algorithms (SPA) for recognising separate events, hapgesimultaneously and recorded in
the same signal. In other words, the aim is the adaptatiolPAESo the current hypothesis in
the blackboard, in order to verify and refine it.

The systems described above differ fundamentally from tlegroposed in the thesis in
two respects: their scope and their applicability. All tneystems address a very complex
problem, resulting in equally complicated solutions. Sachapproach was not possible in
this thesis, for which the available resources were limitddhis resulted in corresponding
restrictions on the scope of the work. One such restrictioeftample is the exclusion of signal
processing and low-level event recognition from the syst@pportunistic problem solving is
a very flexible, general-purpose inference mechanism. Pheialisation of an opportunistic
system to a particular domain, e.g. speech recognitiorgne @nly at the level of the selected
knowledge sources. The generality of the approach is atsonthin source of its inefficiency
and the reason why it is not suitable for the problem examimezd. The inference mechanism
proposed in this thesis, restricts the applicability of #iystem, in order to achieve efficient
event recognition.

The HEARSAY Il system, which introduced the idea of oppoidtio problem solving,

was part of a larger effort to achieve real-time speech waeding. This effort was organised
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by ARPAL, which also specified a list of requirements for the desingstesn. There was a
small number of competing systems developed in this framewaoost of which, including
HEARSAY Il, did not satisfy the ARPA requirements in full. @only successful system was
HARPY, which provided a more structured solution to the pgob The HARPY system [53]
comprised:

e A syntactic definition of the format of legal sentences.

e A pronunciation dictionary, which described words in temhphonemes.

e A set of juncture rules, dealing with the detection of wordibdaries.

e Atemplate-matching algorithm for the recognition of phioess.

Each of these components was described in a separate laaduaghey were all compiled
into a state-transition network (STN). This network was shrength and the weakness of the
system. It contained all legal phrases in the system, destin terms of transitions between
phonemes. The benefit from doing this was an increase inasftigi The disadvantage was
that the resulting network was very large. Lowerre and Rg¢B8ymention that the network
used for the ARPA exercise containggh00 nodes, using a restricted syntax and a dictionary
of 1011 words. This property of the system renders it inappropfiateinconstrained speech
understanding problems.

The HARPY system shares several of its advantages and distades with the system
proposed in the thesis. The main disadvantage of both ialifetents which can be recognised
need to be described explicitly. This can result in largenevecognition models, especially
for tasks of the type of unconstrained speech understandiimgsystem proposed in this thesis
uses a hierarchical representation of the model, instetitedfat STN used in HARPY, result-
ing in more compact models with the possibility of allevigtithe space-efficiency problem.

Further similarities and differences of the two systemsdsseussed in chapter 3.

2.1.4 Temporal event recognition

The event recognition system proposed in this thesis is dassified under the category of
temporal event recognition systems. These systems aceaeppt a stream of time-stamped
low-level events, which the system uses to recognise tagétlevents of interest. The event

recognition model consists of high-level event definitiombich impose temporal constraints

!Advanced Research Projects Agency.
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on a set of subevents. Temporal logics are used to reprdsenemporal constraints and
constraint propagation algorithms perform the recognitbevents.

Work on temporal event recognition can be traced back to tladitgtive reasoning system
MUSE, presented in [48]. This system allows the definitiorgoélitative relations between
events in the model, using an extended set of Allen’s raiatfor time intervals [2]. MUSE
receives input at every time instance and evaluates a setveflel event prepositions, i.e., it
checks whether an event has started or ended at each timedastn this way, the system can
determine the occurrence and duration of an event by itissstdrend point. This approach runs
into problems with events which cannot be recognised bdfmg end. MUSE was applied to
a toy blocks-world problem.

More recently, temporal event recognition systems hava bgelied to real-world prob-
lems, such as process monitoring [46] and fault recognii®a). These systems extend and
improve MUSE, allowing guantitative relations and usindgtéreconstraint propagation algo-
rithms. Chapter 3 examines temporal event recognitioresystin 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 beeissiateel approaches using differ-
ent techniques for event recognition. These approachdd bewconsidered variants of KBSP,
but what distinguishes them from KBSP is that they use idemms bther research fields. This

section provides two examples of such methods.

Rough sets. Rough sets provide an alternative to rule induction fronadaased on the idea
of redundancy reduction in the examined data set. An iniageintroduction to the area is
given in [74]. In recent years, rough set construction meshilbave been applied to signal
processing with some success. For example, the performaEneeough-set based speech
recognition system has been compared with that of an MLPdfé]the classification of musi-
cal instruments by rough set rules has been studied [47]wHydan which these methods are
applied is similar to the MLP approaches described abovesafidr 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 setsdaettognition
of events. The application area is the classification of liialgounds and the approach is de-
scribed in [96] and [3]. The proposed method is a way of postgssing the classification
results of a neural classifier, in order to take into accoontextual information. The aim of
this post-processing stage is to provide more robust filesson. Fuzzy rules are used for
evidence combination in the system. The system does nonattieigh-level event classifica-
tion and therefore does not make use of temporal relatioesalarge time scale. It provides,
however, an interesting integration of an ANN classifiertmakpert knowledge to solve the

low-level event recognition task.

2.2 Knowledge refinement approaches

The central issue in this thesis is the development of refamtmmethods for an event recog-
nition model. The model is assumed to adhere to the critistiadl at the beginning of section
2.1. Moreover the refinement method should satisfy thewdtig requirements, as explained
in chapter 1.
1. Refinement with a small training set. It is assumed thathtimber of examples for
each high-level event is small, ruling out purely empiriearning methods.
2. Refinement of temporal parameters. The target of refineméime set of numerical
parameters describing the events in the model, e.g. eveatiaiu
3. Construction of the training set. The correspondenced®t input and feedback
data is not provided. The refinement method should estathiesimapping between
sequences of low-level events in the input stream and legbl-levents in the feed-
back stream. This task becomes particularly hard with teeofisverlapping events.
Knowledge refinement deals with the issue of combining darkiaowledge with empirical
data, in order to solve a difficult modelling problem, whene domain theory is inaccurate
and/or the training data is sparse. The following sectiascdbe briefly the most influential
refinement methods for symbolic models, concentrating enrdélasons why they cannot be
used here. The main problem is that they are not designecatowith time-dependent data of
the form assumed above. In particular, they assume thataiminig set is organised as a set of

independent examples and therefore do not satisfy thedhitte above requirements.
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The HMM and ANN approaches to event recognition, preseresection 2.1, facilitate
learning of the model parameters from data. In HMMs, the BaMehch algorithm and its
variants can be used to estimate the stochastic paraméthesmodel. 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,

e the most common paths through the STN, corresponding tovédrd.e
However, HMMs are inappropriate for explicit modelling béttemporal parameters. The only
way to achieve the desired refinement would be the developaienmethod which translates
the explicit parameters in the implicit model of time usedam HMM. This task becomes
particularly difficult when overlapping events are used.

The parameters of ANN models can also be estimated from @iatamost commonly used
learning method is back-propagation of error. ANNs suffenf the same problems of explicit
time modelling as the HMMs. Moreover, the ANN learning methoequire the use of a large
training set, due to the large number of parameters whictl teebe estimated. The source of
this problem is that learning aims at the construction ofatplete event recognition model
from data. The initial ANN is a generic description of thegraeter space and does not impose
constraints on the structure of the event recognition moddet translation of expert knowledge
to ANN representations is expected to improve the learrag 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 knowledgle evitpirical data is an approach
called Explanation-Based Learning (EBL). The primary taskBL is to change the domain
theory, in such a way as to make it directly usable in the rarfigesks that the system needs to
perform. More specifically, in the case of classification EBL algorithm uses the theory to
generate classifiers, calledncept descriptionavhich are represented in the format of the in-
put data. In order to achieve this goal, the EBL algorithmneix@s a small number of positive
examples — perhaps only one — generating explanations qgfaglprding to the domain the-
ory, they are positive examples of the concept. These eaftars are generalised to remove

example-specific constraints. The result of this process éencept description which is a
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generalisation of the examples and a specialisation ofdh®adh theory, useful for identifying
positive examples of the concept.

The most influential EBL algorithm is Explanation-Based &mtisation (EBG) [65]. Fig-
ure 2.6 presents a narrative specification of the algoritantral to the EBG formalism is
the idea ofoperationality It expresses the usability of a concept description anslused to
define a stopping criterion for the generalisation of thaning example. The initial concept
description is assumed to be non-operational, i.e., it fséé in terms of conditions which
cannot be directly verified. In other words, the represeniadf the concept differs from that
of the examples. The domain theory in EBG is usually expressea set of predicates, each
of which defines a subconcept. Some of these subconceptsiaré in the definition of the
goal concept. Thus, the function of the goal concept deenips to draw the attention of the
learner to those characteristics of the training examm@edhe 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 enguian.
[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 generatisaif the example and a specia
isation of the theory.

[e.g. the sentence as a rule which associates the phoneltinesdrample.]

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

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

explanation and generalisation. In the first stage the yhisarsed to generate an explanation,
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which is an instantiated section of the domain theory angeseas a mapping between the ex-
ample and the concept. This task is performed by a top-doadyative theorem prover. In the
second stage the generated explanation is generalisedralieation involves the replacement
of example-specific constants with variables and unificatbthe variables referring to the
same object. The result is a generalised explanation gtejaivhich 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 perforneaitning task. This criticism is
based on the concept kiowledge level learninf22], which defines learning as the extension
of the deductive closuref the theory available to the system. The deductive clostdira
theory contains the theory itself and whatever can be dediroen it. Since the result of
EBL is a specialisation of the theory, i.e., it is includedhe deductive closure, EBL does not
involve knowledge-level learning. In other words, the eystis not able to draw inferences
that it could not do before. What an EBL system learns, howeasdow to perform certain
tasks more efficiently. A similar approach has been adopteher systems, e.g. the EGGS
algorithm [67] and thehunkingprocess of Soar [88].

Another important problem in EBL is the assumption that tbmdin theory and the train-
ing example, are “perfect”. This assumption, is unrealiatid has been a major topic of re-
search in EBL in the recent years. In a review of EBL resea2@hfour types of imperfection
in the domain theory are identified:

e Incompletenessnot covering all positive examples.

e Incorrectnessincorrect classification of negative examples.

e Inconsistency: multiple inconsistent explanatidoisthe same positive example.

¢ Intractability: no guarantee that an explanation can be derived in polyrdimie.
Further to the imperfection of the domain theory, incomsistor incorrect explanations can
result due to noisy training data.

Thus, the EBL algorithm does not perform knowledge refinedmetowever, there is a
number of systems which combine EBL with empirical learratgprithms and they are able to
learn from positive and negative examples, aiming to renpediplems 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 czitbe problem is the over-
generality of the domain theory. Whenever this phenomeigonrs, a selection criterion
is applied to choose the best explanation. The EBG algorigttombined with a greedy
set cover method, which uses the negative examples to sffieantly the best explana-
tion. The set cover algorithm is similar to that employed g AQ-family of inductive

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

FOCL [80, 90]. This system combines an algorithm for inducing simple frster clauses,
FOIL [84], with an inductively guided EBL method. FOIL is adirorder extension of
the ID3 algorithm [82], making use of set cover ideas fromAkefamily of algorithms.
FOIL is being used by FOCL when EBL fails to correctly clagsifiining examples, due
to anincorrect or incomplete theory. When this situatiocuns, FOIL suggests a number

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

ML-SMART +EBL [7]. This algorithm incorporates ideas from the inductive l@ayralgo-
rithm ML-SMART, in order to enhance the operationalisatfmocess of its main EBL
structure. Similar to EBG, it uses a top-down theorem prov@&onstruct explanations,

but improves EBG in many respects:

e It simultaneously constructs more than one explanation.
o Different explanations are evaluated on positive and megakamples.

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

The above are only a few examples of a large number of systenich combine EBL with em-
pirical methods to refine the original domain theory. The aflSEBL makes this task tractable
even with the use of small data sets.

Some of the general concepts underlying these methods svauséd in the refinement
method proposed in this thesis. An example of such a consédpéiuse of metrics to evaluate
competing modifications to the model. However, the abovehous have been applied to
static classification problems, where time modelling isamissue. For instance, the training
examples provided to the system are represented in theasthfmrmat, i.e., a set of input
values coupled with the correct classification. For thisoeeathey 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 theltmm theorem prover to explain
the concept membership of positive examples. The knowledge is treated as a theory and
the examples as facts which need to be proven. Alternativdkis approach are grouped
here under the categoknowledge baséKB) refinement The difference between the two
approaches is a methodological one rather than one of essbn&B refinement, the aim is
to identify the most likely faults in the knowledge base, lojlecting performance statistics
on the training set. This approach is designed to be usedlavile knowledge bases, where
theorem proving may be inefficient. The heuristics and aasttions 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 SEHEKtsrsuccessor, SEEK2
[34].2 SEEK2 assumes that the knowledge base consists of singgegoence rules, i.e., the
conclusion of each rule relates always to a single variald,that each rule is assignedan-
fidence facto(CF), i.e., a belief on its consequence when it fires. Theeafant concentrates
mainly on the modification of the CFs of the rules in the knalgie base. This is achieved
with the use of heuristics and performance statistics,uatg individual rules in the knowl-
edge base. Performance statistics are collected by appllganknowledge base on the data
and monitoring the behaviour of individual rules. The numbfetimes a rule participates in
the misclassification of examples is indicative of its comess. Heuristics allow the use of
explicit biases in the selection of modifications. An impmit heuristic in that respect is the
bias for minimum change, i.e., modifications which incuryosrhall changes to the knowledge
base are preferred.

KRUST [18] adopts a similar approach to knowledge refinemeélite main difference
between KRUST and SEEK2 is that KRUST performs changes tatthestructure, i.e., dele-
tion, replacement and insertion of rules in the knowledgeeb&imilar to SEEK2 a search for
promising modifications is performed, which generates aliidvmodifications and evaluates
them. The evaluation is based on statistical criteria atfmiperformance of each solution on
the data. A set of alternative knowledge bases are geneaatetested on the data. An impor-

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

2The main difference between the two versions of the systetimaisthe former is interactive, while the latter
automates the refinement process.
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the size of the knowledge base. Therefore exhaustive emtioenf the solutions becomes
impractical. An improved version of KRUST is incorporatedMUSKRAT [36], which is a
tool for knowledge acquisition and refinement. The new wersif KRUST uses the idea of
“chestnut” cases to reduce the size of the search spacdifeement. These cases are selected
by the expert as being representative of the problem to lvedol

Another recent example of a KB refinement tool is TGCI1 [23This system adopts an
interesting alternative approach to refinement, integgatine refinement of the initial domain
theory with the construction of new features, i.e., chanigd® problem representation. The
original domain theory is expressed as an AND/OR/NOT tree, & tree in which each node
is a conjunction, disjunction or negation of its childrenack example in the training set is
evaluated using the original domain theory and the degreeadptance of the example by the
theory is calculated. Partial matches of the example toththery suggest the construction of
new features. The refined theory is a compromise betweemthesdys of resolving conflicts,
i.e., maodification of the theory and change of problem regmmegtion. The aim is to simplify
both the representation of the problem and the domain thaodyachieve better classifica-
tion. This approach faces a similar problem to KRUST, reigarthe size of the search space.
Therefore an efficient heuristic search for good solutisressential.

An interesting feature of the KB refinement approaches is#theulation of local statistics
for parts of the knowledge base. This process requires aothéi assigning credit and blame
for misclassification through a possibly complex set ofsulghapter 6 examines this issue in
the context of parameter refinement under partial supervisThe argument for not applying
standard KB refinement methods to an event recognition rmisdleé same as for EBL-based

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

2.2.3 ANN-based refinement

Artificial neural networks have been widely applied to enggir learning problems with con-
siderable success. The source of their success stems feinaltlility to estimate highly non-
linear models, which are necessary for many real-world lprob. The good performance of
ANNSs has inspired a recent effort to apply them on knowledgfmement tasks. The main

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

3A more extensive review of KB refinement systems, includioigs 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 repregae example is the
KBANN system [98], which translates a propositional donthi@ory into an MLP. Figure 2.7
illustrates this translation. The initial weights in the Mlare selected in a way that reproduces
the behaviour of the symbolic theory. The domain theory i&ABD/OR/NOT tree similar to
TGCI1 described above. The units at different MLP layersesgond to different levels of the
theory tree, i.e., the children of a tree node are supportodgs in the MLP. The initial MLP
constructed in that way is not fully connected. Additionahnections are added, with small
weights, in order to allow the system to learn new dependsrioetween the variables in the
theory. Back-propagation is used for training the networ#d amproving its performance on
training data. The translation of the resulting MLP back twymbolic theory has also been

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

Figure 2.7: Translating a domain theory into an ANN. Stromggd are represented by bold
lines, weak ones by thiner lines. Dashed lines stand fortiveganks.

In addition to the work on MLPs, the injection of prior knowtge to RNNs has been stud-
ied recently, e.g. [72, 32]. As discussed in section 2.h& use of RNNSs for event recognition
models suffers from one major problem: the handling of teralpelations over long time peri-
ods. This problem is particularly prominent when back-ggtion is used for training RNNSs.
Research on alternative training strategies as well asovepr knowledge injection methods
for RNNs is currently an active research area, e.g. [6]. Tpe bf knowledge representation,
which is mostly considered for injection in RNNs is a finitate automaton, which is also the
representation used for HMMs.

An alternative to the translation of symbolic knowledge toANN, is the representation
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of symbolic knowledge in a way which allows the use of simitaining techniques as in an
ANN. Such a representation is tegpert networkwhich is studied in [49] and [54]. An expert
network is a knowledge base of the form used in SEEK2. The itapbfeature of it is the

use of certainty factors in the firing rules, which can bet&dan a similar manner as the
weights in an MLP. Thus, variants of back-propagation cande for modifying the CFs in

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

nodes from the network or the addition of new ones. In othemdg/othe modification of the

CFs is used as a fault-detection heuristic, in the mannet unsthe KB refinement methods
described above.

The above ANN-based methods are clearly not applicablestoetfinement of event recog-
nition models, as examined in this thesis. However the gsropagation methods used in
ANNs and expert networks provide an interesting altereaiivthe heuristic credit assignment
methods in KB refinement methods. The latter aim at the Isaadin of blame to individual
rules or rule parts. The ANN methods take a global view of ffsesn, due to the distributed

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

2.2.4 Refinement of event recognition systems

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

models have been developed. Two such cases are briefly slisthsre.

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

In the proposed speech recognition system, plans are usedvéking various knowledge
sources of the type described in section 2.1 above. These#&Bke signal processing tools,
which extract relevant signal features, or hypothesis &ion tools, which help recognising
high-level events. The plans are represented in the fornomjuactive production rules and
can be modified by examples. Examples are represented bgtac@ature vectors, associated
with a class, e.g. a phoneme. The learning method is a siewlifersion of the AQ rule-
induction algorithm [60]. The focus of the learning methadon positive examples, which
cause the generalisation of rules, by either introducitgdisjunctions or dropping conditions

from conjunctive rules. Rules can also be specialised if theve a large misclassification
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rate. Despite the overall temporal nature of the systemgetraing task does not involve time-
dependent information, allowing the use of standard ewgditearning techniques. This is not

the case in the problem examined in this thesis.

Genetic algorithms. Montana [66] describes a passive sonar recognition apiglicausing

a rule-based system which can be refined with the use of aigaigorithm. Knowledge
refinement concentrates on the certainty factors of rulésctware collected in a real-valued
string representing the parameters of the system. Positilenegativé recognition examples
are used in the optimisation of the parameter string. Onbl@no with this approach is that it
ignores the structure of the rule base, treating all of itsupeeters collectively. This increases

the sample complexity of the system, i.e., the amount ofiiingidata required.

2.3 Summary

A variety of approaches to event recognition and knowledg@ement have been examined.
The event recognition approaches are mainly from the fieldpafech recognition and un-
derstanding. Hidden Markov models (HMMSs) are currently tf@st popular method in this
area, allowing the stochastic modelling of various partspgfech. Artificial neural networks
(ANNSs), in their various forms, are a popular competitor dfiMs. Their popularity results
from the use of simple methods for estimating the parametethe model from data, e.g.
back-propagation. Knowledge-based signal processingsgBnethods facilitate the integra-
tion of various sources of knowledge in large-scale speadhsanal understanding systems.
The goals and constraints of these approaches differ gsignify from the event recognition
scenario presented in chapter 1 and for this reason theyadradopted in this thesis. The
event recognition system proposed in chapter 3 is an instahtemporal event recognition
systems. An important characteristic of this class of systés the explicit representation of
time in event models.

Knowledge refinement is also a very active research areghwias produced a variety of
methods for improving knowledge bases with the use of tngidiata. The methods which have
been presented here are representative of the activityeifidld. EBL-based methods are hy-

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

4Strong negation is used.
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EBL focuses the refinement search to the parts of the domaonythused for a particular ex-
ample and the empirical methods are responsible for theecion of faults in the theory.

Knowledge base refinement methods have the same goalau#t.cbrrection, but they adopt
a different approach. The rules in the knowledge base areated statistically, using the
training set and the most likely faults are identified by addteuristics. Finally, a method

which has attracted considerable attention in the recesitipdahe use of ANN-based refine-
ment. This approach requires the translation of symbolmaHaedge to an ANN model and
vice versa. The main reason why the above methods are inapgisofor the task examined in
the thesis is their assumption about the format of the tigidiata, i.e., explicit mapping of the
object description to the desired classification.

It is worth stressing that the decision not to use the abovbaads in this thesis was based
on the judgement that they need to be modified significantlgrder to be applicable to the
problem of interest. This argument does not imply that thsi for the representation and
refinement of event recognition systems is impossible. hieamore, one could decide on a
different problem representation, which removed the diffiemporal aspects of the problem.
Neither of these approaches is adopted here and insteatirepvesentation and refinement

methods for event recognition models have been developed.
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Chapter 3

A graphical representation for event

recognition

The representation of the event recognition model is stlidi¢his chap
ter. Thetemporal classification netwoiik described, a graphical repre-
sentation for efficient event recognition which imposesracstired hi-
erarchical modelling of the dependence between events.réresent
tation assumes a symbolic event recognition model, madpingevel
events to the high-level events of interest. Time is moddbig explicit
temporal constraints on events, as in other temporal ewesugnition
systems. The types of constraint allowed in the model arudged i
detail. The main contribution of the work presented in thiagter is the

structured approach to the design of the event recognitimtetrand the
study of event types.

3.1 Eventrecognition as a temporal classification task

Event recognition entails the classification of input paiteover time into events of interest.
Thus, the event recognition task can be seen as a speciabfcalsssification in which time
acquires particular significance.

The usual approach to classification is to construct a moti@hvmaps individual input
patterns to classes. The input patterns are presentedtassvetfeatures which are evaluated
by the classification model and the class of the pattern islddé Assuming for example that
the task domain is weather forecasting for the following, dame features which might be
relevant are the average temperature over the last five tajesy’s cloud coverage, current

wind forces in the region, etc. The classification might betlibr it is going to rain tomorrow

In some cases the classes are not mutually exclusive angatrpiattern can be mapped to more than one class.
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or not. The classification model for this problem may takdows forms, e.g. a statistical
forecasting model, a neural network or a decision tree. Asmgte, using a rule-based model
is the following:
| F 5-day-tenp <5°C AND cl oud-cov > 70%
OR cl oud-cov >40% AND wi nd-force <4
THEN cl ass=rain
Note that the classification problem examined in the aboaengkedoesinvolve time. The
temperature is averaged over five days, cloud coverage amdl faices are measured on the
current day and the prediction is for the day to follow. Hoemwthe representation of the
problem removes its temporal aspects and the classifiersie®ed to model time explicitly.
An example of this representational approach in event m@tiog is the TDNN method for
speech recognition, described in chapter 2. This appreactian sufficient for low-level event
recognition, where the time-scale involved is small anchilmaber of features which need to be
extracted can be limited. However, it does not involve terapmodelling and is not included
in the notion of temporal classification as used in this thesitemporal classification model
for the weather forecasting example would ask questionlseofdllowing form:
e When was the last time it rained and for how long?
e Has there been a long period of sunshine in the past month?
Such questions cannot be simply incorporated in a feateiceav representation because they
measure weather characteristics over time periods, mékneghe central aspect of the model.
Event recognition, as examined in this thesis, involvesténeporal association of events
appearing in the input stream. Sequences of low-level sy&ritich can be appropriately as-
sociated in time, are classified to a high-level event ofrede Instead of complicating the
representation of the input patterns, by trying to incogp®rinto it all the relevant temporal
aspects of the problem, it seems more practical to include th the representation of the
classification model. Temporal logics, e.g. [2, 104, 933, the natural choice for such a repre-
sentation. The strength and weakness of these represastatems from their expressiveness
and generality. Temporal logics can be applied to a variéfgrablems, e.g. planning [56],
control [46] and fault recognition [25], but without problespecific restrictions they can lead
to inefficient classification. The representation descrilmethis chapter trades expressiveness

for classification efficiency, restricting the model of tinwethe needs of the event recognition
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task.

The event recognition scenario, described in chapter 1Inwheved as a temporal classi-

fication task, has the following important aspects:

The input patterns are simply low-level events, includimigimation about their start
and end times.

Classification is incremental and the temporal order, inclwvihe events appear, is
important.

The classifier consists of a set of rules which determine eéhgobral relations be-
tween events.

Due to the inherent relation between events, a sequenceufévents, rather than a
single event, are mapped to the corresponding class hiechigh-level event.

In addition to the classification of an event sequence, the stamp of the high-level

event is determined by the classifier.

As an illustration of this classification process, assumesamnt recognition task, which uses

the signal in Fig. 3.1. The four events marked in the signa tlhose 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 evamtthie temporal classifier will be:

A(0,200), B(200,400), C(300,500), D(500, 600).
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A simple classification rule may take the foFm:

| FA(iy,i}) ANDB(ig,i}) ANDiy — i}y =0

THEN Z (i, i}), WHERE i, = min(i}, i) AND i}, = max(i},i};).
Using this rule, the high-level eveti(0,400) will be recognised, as soon &4200,400) is
received.

The rest of this chapter provides a more detailed descniptiothe proposed temporal
representation, the temporal classification network (T.GW¥t, the nature of time in the rep-
resentation is discussed. Then the concept of a classiiicadéitwork is presented and proposed
as a graphical representation for event models. The temmaspacts of the representation are
examined in section 3.4. The use of temporal constraintssisicted to allow efficient event
recognition. The event recognition algorithm is describedection 3.5. Finally, the differ-
ences of the TCN representation to related event recognipproaches are summarised in

section 3.6.

3.2 Time in temporal classification

The underlying nature of time has been the subject of rekgéarmany disciplines, e.g. Phi-
losophy, Logic and Artificial Intelligence (Al), resultinip a variety of theoretical and com-
putational models of time. One area, in which most of thesasdare being used, is the field
of Al concerned wititemporal reasoningwhere temporal logics are combined with inference
mechanisms to build systems that reason about time. Dueiodhmputational orientation,
some of the underlying ideas in this work are relevant hen@ehensive overviews of the
work in temporal reasoning are provided in [93] and [103]e Témporal classification repre-
sentation presented here makes only limited use of the ide@snporal reasoning. For this
reason, an extensive review of temporal reasoning is nengilnstead some of the basic ideas
about the handling of time in temporal reasoning systempm@@sented, augmented with some

problem-specific considerations.

The nature of time. Time can be discrete or continuous, linear, branching digymounded

or unbounded, relative or absolute. The choice of time-difinis usually dependent on the

The notation(i; ,iJ") denotes the time interval corresponding to the evenf is the start and; the end of
the event.
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application. The most common choice for computationalesyistis for time to be discrete,

linear, bounded and absolute. These are the assumptioresimtls thesis, too. Discreteness
simplifies the complexity of the temporal relations, whideuntegers, rather than real num-
bers. Linearity provides the temporal ordering of eventsictvis necessary for an incremental
classification system. The time bounds are not necessdrhdyuare imposed by the start and
end time of the classification session. Similarly, time isabte because there is an underlying

time measurement mechanism which provides time stampkddotv-level events.

Temporal entities. The choice of the basic temporal entity type is the main sofcdif-
ferentiation among temporal reasoning models. The two m@stmon approaches atiene
pointsandtime intervals Point-based systems measure the state of the world afispeaints

in time, in a snap-shot fashion. This approach resembldsofithe speech recognition sys-
tems seen in chapter 2, although they are not temporal regssystems. An early example
of a point-based reasoning system can be found in [56].Vakdrased methods associate their
input with time intervals, e.g. the time stamp of an eventternval-based methods are fur-
ther subdivided into those which use time-points in the d&im of intervals, e.g. [104], and
those which use the time interval as the most primitive tenapobject. In the latter type the
modelling of time is purely qualitative, e.g. [2]. The repeatation presented here uses time
intervals of the former type, i.e., time points underly ttedinition of the intervals, since the
start and end of the interval are discrete time points. Hps bf entity is common in temporal

event recognition systems.

Temporal relations. The repertoire of temporal relations included in a tempogakoning
formalism is dictated to a large extent by the choice of terapentities. A natural choice
when time points are used is the use of linear inequalitiéwd®n the time points. These
can be used even with time intervals when these are definegtrimstof their start and end
points, e.g. [104, 46]. Using the example of Fig. 3.1, a terp@lation might check whether
i, <ip,i.e., A starts beforé3. Three types of relation can be used for time poirts=,>.
Interval-based methods are more complex. An influentialigti®e approach for interval-
based methods illen’s interval algebrd2], where a comprehensive list of the relations that
can be defined between a pair of distinct, finite, convex valsris presented. Half of these

relations are presented in Fig. 3.2. The other half consiktheir inverse relations. The
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Figure 3.2: Possible relations between a pair of intervetie symbols assigned to the relations
are the ones given in [2] and they stand for the followingtrets: < : before, m: meets, o:
overlaps, f: finishes, s: starts, d: during.

approach adopted in this chapter is a quantitative one tiBetaare defined between intervals,
but can be translated into time-point relations, using tigeuying representation of intervals
by their start and end points. An example of such a relationlavbe: i, — i, > 5, i.e., B
must start at least time points latter than A. This kind of relation has been usetgmporal
event recognition systems, e.g. [26, 46, 25]. However, épentoire of temporal relations in
the TCN formalism is more restricted than in other tempovahérecognition systems, aiming

to increase the efficiency of event recognition.

Repeating events. The issue of events which are repetitions of low-order evienof partic-
ular relevance to event recognition systems. Using agamexample of Fig. 3.1, a repeating
eventY might be recognised as a sequenceA. The representation of the event should
allow the specification of sequence length and the tempsm@as of the component events.
Repeating orecurring events have been paid less attention in temporal reasoeg&anch.
Morris et al. [68] present a qualitative approach to recurring evenisesented by collec-
tions of non-overlapping convex intervals. Temporal eveobgnition systems have not dealt
with repeating events. A quantitative approach to the ssprtion of repeating events, in the

restricted context of the TCN representation, is providedrlin 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 thatyexeal-world temporal system
faces, e.g. [46, 31]. The approach taken here is to use nceheainges instead of absolute

values in the temporal constraints. Any value within thece 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 segseast low-level events and in-
dividual occurrences of high-level events. This is an intgratrassumption, which seems nat-
ural for temporal classification, but cannot be made in masiporal reasoning systems, e.g.
planners. This mapping underlies the definition of eventilwls described in the following

section.

3.3 Temporal modelling of events

In the representation proposed in this chapter, events adelled as sequences of subevents.
The subevents of an event are either low-level events, ajpgem the input data, or high-
level events which are themselves modelled as subeveneseggt 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 exteystéra interfaces the raw signal
with the temporal classifier. This system performs the raitmm of the four events in Fig. 3.1,
for example. Although this system will not be examined inttinesis, some of the assumptions
that are made about its functionality are important. Thesalscussed here.

Low-level event recognition may be performed by one of théhods described in chapter
2, e.g. TDNN, HMM, etc., which sample the raw signal at a fixedjfiency, measuring several
properties of interest, e.g. frequency change and intenElite elementary time unit may vary
and will not be specified here. The information collected pegticular time interval is used
to recognise events which have occurred in this intervalotiher words, the low-level event
recognition system is itself a classifier, mapping pattefrisput features to low-level events. It

can be described in terms of a set of predic&f@seach of which corresponds to one low-level
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event and has the following forfh:
HY={h:IxP —B=/{T,F}}, (3.1)

whereT andT stand for true and falsd, = {i|li = (i~,i")} is the set of all possible time
intervals, andP the set of input features, i.e., signal properties usedencthssification. If
E is the set of interesting low-level events, uniquely idiéedi by a label called the event
signature® there is a one-to-one mapping between the membelE @ind those ofz° and the
predicate corresponding to an evert EY, is indexed by, i.e.,h, € HO.

The input features that are used in the classification arefrinterest here and can thus be
omitted to simplify the definition of the functions iH°, which now map intervals to events.
By applying the predicate, € H to an intervali € I, the question which is asked, is whether
the event has occurred, starting at and ending at*. If this is the case theh, (i) is true.
The input to the temporal classifier consists of a sequenaa@irrences of events iA°,

which take the following form:
BY = {e(i)|le € EYi € I},

where k(i) holds. The time intervai = (:~,:%) is termed thetime stampof the event
occurrence and, i+, thestartandendof the occurrence. The relationship betwesentand
occurrenceis a type-token, or class-instance, one. In the examplegpf¥1, A, B are events,
(0,200), (200,400) are intervalsA(0, 200), B(200, 400) are occurrences with signaturdsB
and time stamp#0, 200), (200, 400) respectively.

The input to the temporal classifier does not contain anyrattiermation, apart from the
event signature and time stamp, but it could be extended smd&or example an interesting

piece of information about an occurrence is the degree @dftialthe recognition of the event.

3.3.2 Event recognition function types

In the above discussion and in the rest of the work presergesl the assumption about the
event recognition predicates is that they associate camoces with thecorrect time stamps,
i.e., if he(7) is true theni provides the start and end time points for the occurrence éfs a

clarification, this does not mean that the time-points amui@te, but they are the best guess

3The superfix) is used to denote that the examined events are low-level ones
“Note that the use of the term signature here is different iinaignal processing.
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of the low-level event recognition system about when thenekiappened. An alternative in-
terpretation, which could be used, is tldtas happened some time withinThis alternative
is not appropriate for temporal event recognition systdmsause the temporal constraints in
such systems involve the start and end of events. If thesaairknown, the validity of the
constraints cannot be verified.

A further assumption about the event recognition predicaehat they recognise consis-
tently all relevant events. The combination of these two assumptiassh interesting impli-
cation to the type of function that can be used for low-lewelrg recognition. In the discussion

below, the concept afubintervalis needed, which is defined as follows:

Definition 1 Leti = (:7,i%),j = (j7,57) € 1. j is a subinterval of, denoted byj C; i, if

and only ifi— < 5~ andi™ > 5T andi # j.

Universally subsumed events. There is a class of function for which every subinterval of
the interval associated with the event occurrence can b@edaitself to an occurrence of the
same event. More formally,

(@) point-interval (i) or
he(i) —

(b) Vi, j Crishe(5),
wherepoi nt - i nt er val is an interval of length, i.e.,i* = i~ + 1. Universally subsumed
events are the result of ill-defined event recognition matais of the kind:intensity (i) =
10dB, i.e., all intervals in which the intensity of the signahrains constant di0dB. Such a
function would cause the recognition of the eventdbrsubintervals of each interval in which
the event recognition predicate holds. Therefore this tyfpfunction 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 evards
he(i) — 34,5 Cr iy he(5).

In practice this type of event is very interesting. An exaenwbuld be to look for maximum
intervals of constant intensity. The start and end pointsumh an event are well-defined
and none of its subintervals satisfies the ‘maximum inté@hstraint. However, there is a

theoretical problem with the set of self-exclusive evepbgmition predicates, namely it is not
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closed under the basic logical operators. For examplepasguwo self-exclusive predicates
h4 andhpg, their disjunction,h4 V hp is not self-exclusive, since an occurrenceAftan
subsume an occurrence Bfand vice versa. A closed set of event types is desirable #or th
hierarchical representation of events presented in thewiplg section. Note that the use of
self-exclusive event recognition functions is not protatiand in fact it is encouraged, because

it reduces the uncertainty in the temporal classificatiaigest

3.3.3 Recognition time for events

Events in this thesis are strictly durative, i.e., they haggart and end time and their duration is
important. Instantaneous events can be represented iframswork by events of duratioh
Strictly durative events are not common in temporal everwgaition systems, which usually
combine both instantaneous and durative events. In mos$iegetsystems, input is received
at every time point and the events which have happened apdiattare recognised. In other
words, low-level events are instantaneous. Durative evaret modelled by their start and end
points, which are treated as instantaneous events. Fanugstin order to recognise the event
in which the intensity of the signal is0dB, an instantaneous event is recognised, when the
intensity first takes the valu€)dB and another when it changes to a different value.

The two alternative approaches have one fundamental elifée: the time of recognition
for the events. If instantaneous events underly the retiognif durative ones, an assumption
is made that both the start and end of a durative event cancbgmnised as they occur. The
motivation for this approach is on-line and predictive igition of events, i.e., maintaining
at each instance a set of partially recognised events, widagh started but not ended. This
assumption cannot always be satisfied. For instance, a wapeech recognition cannot be
recognised before it ends. The alternative approach dififigeavents as durative makes the
weaker assumption that events can be recognised when teylens, a larger class of events
can be represented. This is an important difference of the fegpresentation to other temporal

event recognition systems.

3.3.4 Hierarchical definition of events

The event recognition model is assumed to be a symbolic ormee lgrecisely, a set of rules,

which determine the mapping between low-level and higlellevents. In addition, the rules
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specify temporal constraints on the relation between theldwel events and determine the
time stamp of the high-level event occurrence. The disonssi this section ignores the tem-
poral components of the rules and it concentrates on threictste.

One common approach to rule-based systems is that of prodsgtstems [10]. A produc-
tion system is made of a database, a rule base and an inferaut@nism. In the case of the
incremental event recognition system, the database mustdyaamic one, i.e., it is updated

incrementally by external input. It consists of event ocences of the form:
A(0,200), B(200,400), C'(300,500), D(500, 600), ...

The rule base consists bF ... THENrules, which are applied to the database and update it
if they fire. An example of such a rule, ignoring the tempoxaistraints, would be:

|IFAANDB THENY.
Since A and B occur in the databasé; will be added, with the right time stamp. The left
hand side (LHS) of the rule is a logical combination of valesh events in this case, using
the basic logical operators. The right hand side (RHS) ofrtiie may consist of more than
one variables, in which case all of them need to be added tdataase when the rule fires.
Chained inference can take place, in the sense that if teersecond rule:

IFCANDY THEN Z,
an occurrence of is added to the database, whgroccurs. The inference mechanism speci-
fies the order in which rules are evaluated. A common regtrigh production systems is that
there are no inference loops, i.e. the following rule is rfioweed:

IFDANDZ THENY.
This restriction is made also here and is referred to aadlelicity assumptian

An important consideration in the design of a productiontasysis the efficiency of the

rule-evaluation strategy. This can be particularly caitfor an event recognition system, where
the database changes incrementally over time. Examplascbf goduction systems are the
blackboard-based speech and signal understanding systenifoned in chapter 2. The ap-
proach adopted here for achieving efficient inference isrtecure the rule base as a hierarchy
of event definitions. In other words, each rule defines antewenich is the variable on the
RHS of the rule. If more than one variable appears on the RHBeofule, the rule can be
separated into a number of individual ones containing eétteccorresponding variables.

Using the acyclicity assumption, a strict partial order t@nimposed on the variables,
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i.e., the events, and the rule base can be represented ag@elitAcyclic Graph (DAG)
G = (V, E). The vertices)V, of the graph correspond to the events and the edg&sthe
dependences between them. Figure 3.3 shows an examplehoh &G, using the two rules

mentioned above. The relatidhdefined by the edges of the graph is terreednt supporand

Figure 3.3: Graphical illustration of two event recognitiales.

the partial order represented by the gragaintial support order The partial order is denoted
by the symbok:,, and is the transitive closure of the support relatigrdenoted by—, below:

_ (@ n—sm or
Vn,meV, n<,m iff. n#mand (3.2)

(b) IpeV,n <, p and p —, m.
Using this definition, a partially ordered Sét of events can be generated. Algorithms for pro-
ducing the ordered set can be found in [102]. In the examptégf3.3 thissetig A, B,C,Y, Z}.
As will be seen below, this ordering of events allows the usancefficient event recognition
strategy.

The partial support order can also be used to define the coatepler as a characteristic
of events. The low-level events are nanfedrder and the events defined on themarder. New
2-order events can be defined oworder andl-order ones and so on, building a hierarchy of
event definitions. Thus, the order of an events:

0, if e is a low-level event or
order (e;) = (3.3)

n+1,n = max;(or der (e;)),e; —s €.

All eventse;, which are used in the definition of a higher-order evgnti.e.,e; —; ey, are

namedsubeventsf e,. Note thatn-order events might include in their definition subevents of
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order< (n—1). The setg1’, EY and BY, corresponding to low-level events, event recognition

functions and event occurrences, can be extended to cavarttble set of events i@

= H'|JH'Y...lUH™™,
= ' JE'l...E™™,
= B JB'lJ...UB™™,

wheremaz is the maximum order in the model. In order to be distinguisfiem the0-order
ones, the ternevent definitionsvill be used for event recognition functions wforder, where
n > 0. The ultimate goal of temporal classification is the recbgniof a selected set of special

events, which can be of any order ()) and are not used in the definition of any other event.

Classification network

The extension of the set of event recognition functionsnadlanother interesting view of the
DAG. Since the mapping between events and event recogrfitictions is one-to-one, the
vertices of the graph can be replaced by event recognitioctiins and the DAG can be seen
as a computational, classification network. The input tatvork is provided by the-order
event recognition functions and passed on to the highezrandes. Classification is propagated
through the network in this way and the output nodes, i.e.gthents which are not used as a
support for other events, provide the final classification.the cases seen so far, the event
recognition functions are simple logical operators. Ineorth deal with the temporal aspects
of event recognition, non-boolean functions should beasdlbin a classification network.

This argument can be carried further, broadening the agility of classification networks
to tasks other than event recognition. The generic defmitiba classification network is a

DAG N = (F, D) the nodeg" of which can be defined as a set of functions:
F={f:J*—0,a €Nt}

where the input/ and outputO sets vary, depending on the type of the function, amdrre-
sponds to the arity of the function. The set of edgesf the graph are directed links between
the functions, passing the output of one function as inputthers. Input and output to each

function may be boolean or numeric and the type of functi@dus different nodes may vary.
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On such a general basis, classification networks can be searganeric representation for

many other classification system&igure 3.4 presents a generic classification network.

Figure 3.4: A generic classification network. Input nodeslabelled as$,, classification nodes
asc, and intermediate functions &s.

The majority of the classification systems assume a featgtsr representation of the
input data and require all-order functions to be evaluated each time new input is pexbi
It is important to note that in an incremental event recagnitask this is not the case. The
input to the function is accumulated over time and the fumctian be evaluated when all the
necessary input is available. This feature of the problesndmaimportant effect on the design

of the database and the inference mechanism, as describedtion 3.5.

Event and subevent types

There are three types of event definition allowed in the mgar&tion:conjunctive, disjunctive
and repeating Negation is represented by defining two separate types pyosti relation:
supportingandrejecting Subevents related with a supporting relation to the defaveat are
calledsupportingsubevents. All the definitions seen so far consisted of stipposubevents.
Rejectingsubevents are used to stop the recognition of the defined. everother words,
supportingsubevents can be seen as positive gajectingones as negative evidence for the

defined event. An example of a rule which contains both typeslation would be:

5This can trivially be proven for decision trees and MLP’s ésample, but it is outside the scope of this
discussion.
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| F AAND B AND NOT D THENY'.
Graphically, rejecting links are represented by a crossige & the network, as in Fig. 3.5(a).

An alternative representation of negation, which doesemuire the two separate relation types

(a) Rejecting subevent. (b) Negating function. (c) Double link.

Figure 3.5: Representing negation in a classification netwo

would be to allow for negating functions as nodes in the diaasion network, as seen in Fig.
3.5(b). The reason why this approach is not adopted here@ike the function would not be a
sensible event recognition function any more. It would e &lways when the corresponding
subevent does not occur. In other words, it would lead toarsally subsumed events, which
are not practical in event recognition, as seen in sectidr2 &bove.

The use of time stamps allows the distinction between diffeoccurrences of an event,
which is ignored in the rules presented so far. This is an mapo feature of the problem, be-
cause it allows multiple input from the same subevent. Fanmgte, two separate occurrences
of A may be needed in order to recogniseThe event recognition predicalig, which defines
Y, distinguishes between the two occurrencesipby requiring them to have different time
stamps. Moreover, a subevent may be both supporting anctingjeghe higher-order event,
e.g. one occurrence @, with some temporal characteristics, may support and anottith
different temporal characteristics, may reject the regagnof Y. This can be graphically
represented by a double link between the events, as in Eig)3.

A repeating event definition consists of a single supportingevent, which needs to be
repeated a certain number of times. For example, e¥éninay be defined as a sequence of

occurrences of everit. The number of required repetitions Bfis allowed to vary within a
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range, e.g}1..10], meaning that to 10 repetitions ofY” would cause the recognition &f*. By
definition, the event recognition function f&r* makes multiple use of the subevént Such a
definition could also be represented as a disjunction ofucaive events, but this would cause

a very large increase in the size of the netwbrk.

Consumption of event occurrences

An event of ordem can be used in more than one definition of events of ordes. This
has an implication on the way in which event occurrencesansumedn the recognition of
higher-order events. For example, if evertsB andC support event” and events4, B and

D eventZ, both event§” and Z can be recognised with the use of the same occurrencds of
andB. This is not desirable it” andZ are mutually exclusive. Mutually exclusive classes are
the norm in classification systems, but alternatives haea eamined, e.g. [59].

In a classification network, complex situations may ariséhhe use of events which are
not mutually exclusive. For instance, eveliteandZ may define a higher-order eveiaf. This
scenario is shown in Fig. 3.6. In that cddeéwould be recognised using the occurrence¥ of
and Z, ignoring the fact that these use the same supporting exédef possible solution to
this would be to flatten the definition &, requiring the recognition of the full-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 sectiop)3.6.

W)
O @
Prte

Figure 3.6: Multiple use of subevents.

Flattening the CN is one approach to the consumption of ex@ntrrences which assumes

mutually exclusive events. In practical terms this meaas ldw-order event occurrences, e.g.

8In this example]0 extra nodes an@4 extra links would be required.
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occurrences ofd and B, which are used in the recognition of a higher-order everwf, &n
occurrence oft”, should be removed from the database. The rationale behigsdstthat if
an occurrence ofl is associated with an occurrenceof it cannot at the same time be used
in the recognition ofZ. Although this is an intuitive assumption to make, it intngds the
problem of choosing among alternative higher-order evevitsch are supported by the same
subevents. An alternative viewpoint is to consider the oerice of an event as evidence for
the occurrence of higher-order events. In that case, thareswe ofA should not be removed
from the database when it is used to recognisand it could be used in the recognition of
Z. If Y and Z are really mutually exclusive, a post-processing mechamigy be needed to
decide which of the recognised higher-order events is niadylto account for the underlying
sequence of low-order events.

There are arguments for and against each approach. In #sssthhe latter approach is
chosen, under the simplifying assumption that the tempmastraints in the model prevent
the use of the same event occurrence in the recognition of than one higher-order events,
when this is required, i.e., when the high-order events antuatly exclusive. Thus, in the
example presented above, the temporal constraints in firétide of eventsY and Z could
make it impossible to use the same occurrences of evearsd B in the recognition of both
Y and Z. Otherwise bothY” and Z are recognised. This approach is common in temporal
event recognition systems, but it is not necessarily thedg@son in every application. Speech
recognition is an obvious example where problems may arisis.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 paineagvent recognition predicates,
ignoring the temporal aspects of the task. This sectionritescthe incorporation of temporal

constraints in the event recognition functions.

3.4.1 Temporal association in event definitions

The definition of event is an event recognition predicate, which combines logically and

temporally a set of subevents.. 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 tednpert is a constraint on the time
stamps of the corresponding subevent occurrences. As ampéxaassume the following event
recognition rule:

| FA(i7, %) AND B(ig, if;) ANDte({(i%, %), (i3, i5)})

THEN Z(iz, i), WHERE (i, i}) = st({(i4,1}), (i5. i5)})
In this rule(i,,4%), (i3, 15) are the time stamps of the subevent occurrendemnd B, tc the
function specifying the temporal constrain(ntg,z}) the time stamp o¥/ andst the function
which calculates it. The following is an example of such & rpresented in section 3.1:

| FA(iy,i}) ANDB(ig, i) ANDiy — i}y =0

THEN Z (i, i},), WHERE i, = min(i;,i5) ANDi} = max(i},i}).
In this example the only temporal constraint js— z‘j =0, i.e., that the end of the occurrence
of A should coincide with the start d?. The time stamp for everif uses the start,,, of the
earlier and the endg, of the later occurrence to cover the duration of the suliesequence,
i.e., (A(iy,i}), B(iz,i5)). 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 recognitiot afind will
therefore be ignored until the end of the section.

The above rule can be expressed in the notation of eventmiimrgpredicates as:

hz((iz,i%)) = ha((ia,i4)) A hs((ip,ip)) Ate({(iy, i}), (ip,i5)}),

wherehz is the predicate associatirg with the time stamp(ig,fzr). It would be true for

example forh 7 ((0,400)). The generic form of the event recognition predicate forjwactive

events is:
he(i) = he,(i1) A hey(i2) Ao A he, (in)A
( en+1(in+1) N h6n+2 (in+2) ARERNA hem (Zm))/\
({217 227 L 7i7L7 in-i—la in+27 LR 7im})a
where{ey, es, ... ,e,} is the set of supporting subevents éor
{i1,d9,... ,i,} the intervals (time stamps) for the supporting subeventiweaces,
{€en+1,€n+2,... ,em} are the rejecting subevents far
{in+1,%n+2,--- »im } the intervals for the rejecting subevent occurrences and

tc the function specifying the temporal constraints on thestintervals.



CHAPTER 3. A GRAPHICAL REPRESENTATION FOR EVENT RECOGNITNO 73

Note that the subevents in the definition are not necessdishynct, i.e., it is possible that
e1 = eo. If this is the case, the corresponding occurrence intershbuld be different, i.e.,
i1 # i2. For example, ifhz requires the recognition of two occurrencesAQfh4(i4,) and

ha(ia,), the two occurrences should be distingt, # i4,. Similarly for disjunctive events:

he(i) = hey (1) V hey(i2) V...V he, (in)A
te({ir,ia, ... ,in}),
where the variables are defined as above. Note that only giqgpsubevents are allowed in
disjunctive definitions. The repeating event definitionnsextension of the conjunctive one,

excluding rejecting subevents:

he(i) = hey(i1) Ahey(i2) A oo A he, (in)A
w < [{er,e9,...,en} <z
te({ir,i2, ... ,in}),
where[w..z] is the range of required repetitions. A significant differeif this definition from
the conjunctive oneisthat = e; = ... = e,, i.e., there is only one event used as a supporting
subevent. Therefore, the time intervals must be distiretii # io # ... # i,. The following
discussion will concentrate on conjunctive events. Thatinent of the other two event types

is similar and only their differences from the conjunctiveets are discussed.

3.4.2 Types of temporal constraint

The tc function is itself composite. It is a conjunction of predis, each of which imposes
a constraint on a subset of the involved intervals. Two tygdenstraint are used in the rep-
resentation: unary, i.e., involving a single interval aherefore a single subevent, and binary,
involving a pair of subevents. In order to avoid confusiolatthe origin of the constrained
intervals, the following discussion assumes that cormgsaire imposed directly on subevents,
rather than their intervals, i.e., occurrence time stamps.

Unary constraints restrict the duration of the subevents fotation used henceforth for

the duration constraint is:
dur ati on(eg,e;,d),

wheree, is the event being defined, the subevent and the duration constraint. In its

simplest form( is a positive integer corresponding to the length of the imerval associated
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with the occurrence of;. For exampledur ati on(Z, A,200) requires that the duration of
A in the definition ofZ is 200. Thus, the occurrencd(0, 200) would satisfy the constraint.
When the duration constraint is a single integer value tarisiedplastic. The proposed model
extends the duration constraint to allow for uncertaintyhia required duration for the event
occurrence. Instead dfbeing a constant value, a numeric ranle [d~..d"] is used and all
integers in the range satisfy the constraint. Thilus, at i on(Z, A, [180..220]) is satisfied by
A(0,195), A(50,230) and A(50,270). This type of duration constraint is calletastic Each
of the two limits of the constraint range is allowed to be Ui, denoted by the symbadl™*
for the upper limit and by the minimum duratioh, for the lower limit.

Binary constraints specify the relative occurrence of sahts. There are various choices
for the relational temporal constraint and the most appatgrone will depend on the appli-
cation. In some applications more than one type of relatiay bbe needed. The relational
constraint proposed here makes several restrictive asmms@bout the order of subevents
in an event definition, in order to achieve efficient clasatfam. An important requirement
is that subevents are allowed to overlap and even be complatibsumed by each other.
Clearly binary constraints are not applicable to disjusctivents, since each of their supporting
subevents is treated individually, i.e., a single subewentrrence can cause the recognition of
the higher-order event.

The first assumption which has already been made above ighthabnstraints are binary,
i.e., only two subevents participate in each relation. Eamfstraint restricts the occurrence
of one of the subevents, i.e., its time stamp, relative toot®irrence of a second one. The

following general notation will be used for the binary coasit:
pr ecedes (e, en, €5,7),

whereey, is the event being defined;, ande;, h # j, two subevents in its definition andis

a numeric constraint on the time stampsegfande;. Note that the two subevents may have
the same signature, i.e;, = e;, but their intervals, i.e., time stamps, must be differéystthe
name of the relation implies, the assumption is madedhé#ias to be recognised before or at
the same time as;, i.e., the end time point of the occurrenceegfis greater than or equal to
that ofe;,. This is also the first constraint imposed on the two subevdhit is not satisfied,
the recognition ofe;, fails. This is a weak qualitative constraint on the subevetdrvals,

corresponding to a disjunction of the six interval relasiom Allen’s algebra (see section 3.2),
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excluding their inverse relations and adding the equaligjation. If the qualitative binary
precedeselation is defined as the equivalent of theecedes relation for time intervals,

then for intervalsy, i, € I:
(i1 precedes) = (i {<,m,0,f,s,d,=} is)

where &, m, o, f, s, d) are as presented in Fig. 3.2.

Finally, the st function, used in the calculation of the time stamp for théngel event, is
simply chosen to cover the whole sequence of subevents ieffivdtion. For example, given
event occurrenced (0,200) and B(200,400), eventZ(0,400) will be recognised. For this
reason, two of the subevents are of particular importareealse they determine the duration
of the recognised event. These are thidal subevent, i.e., the one with the earliest start
point, and theerminal subevent, i.e., the one with the latest end point. Using tbpasties
of thepr ecedes relation, the choice of terminal subevents can be limitetthése which do
not precede any other subevents. The same is not possibileefdmitial subevent, since the
subevent which is recognised first is not necessarily th@imne. A subevent which is not
preceded by any other may be completely contained in oneec$ubevents that it precedes.
Due to their special status, potentially terminal subeveare used to trigger the inference

mechanism. No processing takes place when the incoming ezetrrences are non-terminal.

3.4.3 Temporal distances

The addition of the quantitative constraintrestricts the relation between the two intervals
further. For example, it may require that evehends10 time units before evenB starts, in

order forZ to be recognised. Using again the general form ofgthecedes relation:
pr ecedes (e, en, €5,7),

the quantitative constraint uses the second subewgras thereference poinbn the time axis

to constrain the occurrence of the earlier evept, Since each event occurrence is associated
with a time interval, rather than a single point in time, #hare two time points which can be
used forreference i.e., the start or the end ef;. Similarly, two offsetpoints, i.e., the start

and end ok, can be constrained by the relation. The definitiom ohosen here specifies the

"Only for different subevent signatures.
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length of the interval between the end of the earkigr,and the start of the latet,, subevent.
This relation is called theemporal distancef the two subevents. Figure 3.7 presents example

distances between the two intervals corresponding, te; .

. ., distance
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Figure 3.7: Examples of temporal distances.

The qualitative relation between the intervals differgpetaling on the choice of distance
value and the duration of the intervals. Negative distamepeesent overlapping intervals. In
order to guarantee consistency with the qualitapivecedes relation, the value of must be
greater than the duration of the preceded subeventgj.es not allowed to overlap;, by more
thane;’s duration.

As with the duration constraint, in the simplest case th&adie constraint is plastic, i.e.,
takes an integer value specifying exactly the distance dxtvthe two subevents. For example,
the distance between eversand B in the definition of eventZ might be required to be
exactly 10 time units. In that case occurrencds0, 200) and B(200,400) would not satisfy
the constraint and’ would not be recognised.

Plastic distances are too rigid and are expected to be iicapf# to practical event recog-
nition problems. Usually the exact relation between subeveill not be known and/or there
will be uncertainty in the measurement of the start and emtpoby the low-level event recog-
nition system. For that reason, elastic temporal distaaoemtroduced here; they require the
temporal distance between two subevents to fall within #&gier range. Thus, if the tempo-
ral distance betweed and B is required to be in the rang®..20] time units, A(0,200) and
B(200, 400) will cause the recognition aF'(0,400). Similar to thedur at i on constraint, the

range limits for elastic distances can be undefined, takiag/alue ?'.
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The number of temporal relations permitted in an event defmplays an important role
in the efficiency of the event recognition scheme, as eacbtnt needs to be checked in
the evaluation of an event recognition predicate. For théson, the following restriction is
imposed on the use of thir ecedes relation:

(@) fe; € E.,,precedes (e, en, e, m2) and
Vey,ej € E.,,precedes(eg, ep, e;,71) —

(b) Fen € Ee,,precedes(ex,em,ej,r2),
whereey,, e;, €;, e, are subevents in the definition @f. In other words, a subevent can only be
pr eceded and can onlypr ecede a single other subeveftAs an example of the imposed
restriction, assume that eveMitis defined as a sequence of three subevdntB8, C. If the

relationpr ecedes (Y, A, B,r4p) is used, the allowable additional relations are:
precedes(Y,B,C,rpc) or precedes(Y,C, A, rca),

defining respectively the sequendes B, C') and(C, A, B). The other possible constraints:
precedes(Y, A,C,rac) and precedes(Y,C, B,r¢p)

are not allowed, becausé alreadypr ecedes B. The effect of this restriction on the use of
temporal distance relations is that it imposes an ordermthe subevents in the definition. If
the maximum number of relations, — 1 for n subevents, is defined, the sequence in which
the temporally related subevents have to be recognisedysshecified. This restriction will
henceforth be referred to as theecedence sequence assumpéad the resulting sequence of
subevents as tharecedence sequenoéthe event definition.

The network in Fig. 3.8 corresponds to an event definitiorhsisingle precedence se-
quence of supporting subevents. This is not required byskermaptions made so far. Thus, an
event definition could contain two or more, temporally inelegent, sequences of subevents.
In that case, it may be sensible to break the event definititm Separate events, each con-
sisting of a single precedence sequence. The reason ihthaetuences are not temporally
related and can be combined in an arbitrary way, leadingagaabognition of a large number
of occurrences of the defined event. Thus, the situation agértian one subevent sequences

in an event definition is considered a rare degenerate caselhé it is not prohibited. The

8Note that these restrictions apply to the use of phecedes predicate and they are independent of the
transitive property of the qualitatiyerecedeselation between the subevent intervals, which still holds
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practical implication is that there can be more than potentially terminalsubevent in an
event definition. Each of them will trigger the evaluatiortlué event recognition predicate.

The use of rejecting subevents in an event definition presefutrther problem for the rela-
tional pr ecedes constraint. An event definition which contains rejectingestents imposes
the requirement that these subevents do not occur, witkeirspecified temporal constraints.
The use of duration constraints on the rejecting subevent®ti a problem. However, it is
also necessary to determine their occurrence relativehier aubevents in the definition. For
this reason, they cannot be excluded from the precedencerses; They can also not be
pr eceded, because a legal sequence of subevents should not conjaoteurrence of re-
jecting subevents. In other words, their event recognifiorction is required to be false and
therefore it is not associated with an occurrence interva@mthe high-order event is recog-
nised. So, rejecting subevents cannot be used as refeedetetmine the relative occurrence
of other subevents. Under the precedence sequence assongstly one rejecting subevent
can be used in an event definition and this has to be relatbed fo$t supporting subevent in the
precedence sequence. This seems unreasonable and a rtiodifiwéhe precedence sequence
assumption has been decided, which provides special tegatof the rejecting subevents.
According to the modified assumption, a supporting subegantbe preceded by one other
supporting subevent and one or more rejecting ones. Rejestibevents cannot be preceded
and have to precede a single supporting one. The modifiedhasism implies that each event
definition contains a sequence of supporting subevents, which rejecting ones may be at-
tached. Figure 3.8 illustrates this bypeecedence netwotik which crossed arrows represent
precedence by rejecting subevents.

In repeating event definitions the exact number of subeventst known and they can
therefore not be treated individually. To do so would be tuiiive anyway, since the idea
underlying repeating events is that they correspond to aesem® of repeating subevent oc-
currences with similar properties. For this reason, repgatvent definitions contain a single
dur at i on andpr ecedes constraint, determining the duration of the subevent getizes
and the temporal distance between them. For example, it &/eis defined asl..10] repeti-

tions of Z, the following constraints need to be defined:
duration(Z*,Z dy),precedes(Z*,Z,Z,rzz).

The constraints are still elastic, i.dx andrz; are integer ranges.
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precedes precedes

precedes terminal

precedes

Figure 3.8: A precedence network under the modified precademquence assumption. Events
C and D act as supporting subevents, evéhas rejecting and event$, B as both supporting
and rejecting subevents in the definition.

An important effect of the use of elastic temporal distanseie possibility of recognising
multiple occurrences of the same event which share someauibeccurrences. For example,
assume the definition of eveatas a sequence of, B, C and the followingpr ecedes and

dur at i on constraints:

precedes(Z, A, B,[—10..10]), pr ecedes(Z, B, C, [—10..10]),

duration(Z, A,[8..12]),duration(Z, B,[8..12]),dur ati on(Z, C, [8..12]).
Suppose also that the following sequence of event occleseisaecognised:
A(0,8),A(4,12), B(14,24), B(18,26),C(25, 35)

This sequence can lead to the recognition of two occurrentes, 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 omnoes of7 is allowed. The fact
that each occurrence can be recognised in two different haysn 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 concentratedeorepresentation of the event
recognition model. First it was shown how a classificatiotwoaek can be used to define a
hierarchy of events and then two types of temporal congtrduwr at i on andpr ecedes,
were incorporated in the event definitions. The notion ofgeral distance has been introduced
as a restricted type @fr ecedes relation and it was shown how this constraint results in ven
definitions which contain precedence sequences of sulsevédite resulting representation,
incorporating all these features, is namadraporal classification netwo( CN). This section
examines the remaining aspects of the event recognitioterays.e., the database and the
inference mechanism.

The assumptions that have been made in the previous seatiouns the representation of
the event recognition model facilitate the design of a senlnamic database for incremental
event recognition. The input to the system is a stream ofteerurrences, 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 anitstime point, e.gA(0, 200)

is received aR00, B(200,400) at400, etc., and it is added to the database. If more than one
events are recognised at the same time, they are all addeliesmeously to the database. When
the database is updated, the relevant higher-order evemgnition predicates are evaluated
and any higher-order events that are recognised are addeel database. Event recognition is
propagated through the TCN in that manner, until no moretevean be recognised.

The database is indexed by the event signatures, allowfiviget retrieval of event occur-
rences. In fact, it can be structured as a list of stacks, eaettorresponding to an event. The
list is sorted using the partial support ordering of eventthe classification network, which
is also used by the inference algorithm. In this way the $etocthe required stack of oc-
currences is minimised. Moreover, each stack is autonligtioedered in reverse recognition
order, i.e., reverse order of end time points. The ratiofi@aehis ordering is that the most
recent occurrences are more likely to be useful in evenigrtion than the older ones. Each
stack is termed Bbcal node history Figure 3.9 illustrates this database structure for thepkim

DAG of Fig. 3.3.
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(45,58 (23,40) (0,20)
(47,55) (25,30
(50,58} (26,34)| (5.,15)
(23,55] (0,30)
(5,55

Figure 3.9: A simple classification network and the corresiitg database of occurrences.
The database is an indexed list of stacks, each of which iosrdisset of time stamps.

N <|O|m|>

The size of the database is an additional design considerdtocal node histories can be
restricted in size in two ways: by introducing an explicitximum size and by calculating the
earliest useful occurrence. The latter method is based @wplibervation that as time passes
some event occurrences will not be usable in the recognitfdarther occurrences. In Fig.
3.9, for example, it may be the case thHD, 20) cannot be used in the recognition of further
occurrences oY, after time pointl00. This decision is based on the temporal constraints in
the definition ofY".

Using an event recognition model represented by a TCN andandig database structured
as described above, a simple inference algorithm can bgrassbito perform event recogni-
tion. The algorithm receive@-order event occurrences and checks if they appear as trmin
subevents irl-order event definitions. If they do, it tries to recognise tlorresponding -
order events, using the local node histories of the otheewaitis in the definition. In the
same way, event recognition is propagated through the TEiNguhe partial event support or-
der. Each recognised event occurrence is used to updatertesmonding local node history.
Algorithm 3.1 presents a narrative description of this pescfor conjunctive events, without
rejecting subevents. The same algorithm can be used famdisje events, while the exten-
sion for repeating events and conjunctive events with teigsubevents 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; list’ of events of order> 0, ordered according to the
partial support order; the database.
TCN:

Update theb-order node histories.

Initialise the listF" with the new0-order occurrences.

FOR EACHevente € FE DO,

FOR EACH occurrence of the terminal subevertdf e, t(z,y) € F DO
| F (y — x) satisfies thelur at i on for ¢ in the definition ofe THEN:

B, «— evaluate-definitiorf(e, t(z,y)).
Add the new occurrencesi,, of e to F.
Update the node history fer.

#evaluate-definitionbuilds all legal subevent sequences for the evelttstarts from the terminal subevent
t(z,y) and moves backwards through the sequence of supportingesube

Algorithm 3.1: Sketch of the inference algorithm for conjunctive eventthaiit rejecting
subevents.

The worst-case complexity of the above algorithm is low polwial in the three dimen-

sions involved. To illustrate this point assume the follogvscenarid:

e The algorithm receives a singleorder occurrence, e.@(47,55) from Fig. 3.9.

e If this event does not appear as a terminal subevent, nolidipgens.

e Otherwise, the precedence sequence of the supported evgnt, is evaluated.
The worst-case complexity of this operation, i.e., the clexity of the evaluate-
definition algorithm isO(nm?), wheren is the number of subevents in the sequence
andm the branching factor of the search tree for legal subevaqniesees. The pa-
rameterm is a measure of the number of occurrences in a local nodenhititat
satisfy the temporal constraints. The quadratic complexit m is caused by the
evaluation of the distance constraints as évaluate-definition algorithm moves
backwards through the sequence of subevents. At each stkydrals, the distance
between the occurrences of the preceding subeventdeand the preceded one, e.g.
B, needs to be calculated. In practice the branching factimi®earch is expected to
be very small, i.e., a small number of occurrence sequeratesysthe constraints in

the definition. In the example case, there is just one seguet(@3, 40), B(47,55))

9The complexity results presented here are independenteoéxmple. The example is used simply for
illustration.
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satisfying the constraints and leading to the recognitiol @3, 55). The low com-
plexity of this operation is a result of the precedence segei@ssumption. Moreover,
the use of the structured database should lead to furtheputational gains in the
average case.

e If the recognised event is not used as a terminal subeveriher event definitions
the process stops.

e Otherwise, the same process is repeated. In the examplgjustsence more, lead-
ing to the recognition ofZ(5,55), with the sequencéC'(5,15), E£(23,55)). The
number of times this can happen is restricted by the padigbert 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 unlikelpdgaised in an event
recognition system.

Thus, each time a low-level event, that is used as a termifighv@nt in the TCN, is recognised
the number of operations that need to be performed in thetwase iSO (nm?e). The compu-
tational efficiency of the inference algorithm is a resultiaf two representational assumptions,

i.e., the partial support order and the precedence seqassoenption.

3.6 Related work

In chapter 2 some of the popular approaches to event regogmiere presented and the rea-
sons why they cannot be applied to the task examined in tegshvere explained. In addition
to these approaches, there are a small number of event reongystems which are closer to
the method proposed here and have been applied to simikes tfpproblem. These systems
have only briefly been mentioned in chapter 2. This secti@ménes them in more detail,

explaining their differences from the temporal classif@manetwork.

3.6.1 Temporal event recognition

Like the TCN, temporal event recognition systems use daidl& models for recognition. Such
an event recognition model defines events by associatingdeaity a set of subevents. Tem-
poral association is achieved by a set of temporal conssravhich need to be satisfied for

the event to be recognised. A distinction is made betweerdwel (or primitive) events and
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high-level (orderived events. The former are the ones appearing in the inputrstteahe
system.

As mentioned in section 3.3.3, primitive events are in ess@rstantaneous. This is the first
difference of the TCN from those systems. The basic assomptitemporal event recognition
systems is that the start and end points of durative eventbeaecognised individually, as
instantaneous events. This is considered important, Beaautline and predictive recognition
is desired. In other words, as soon as the start of an eveec@nised all of the events
which are supported by it are considengaltially recognised For instance, as soon as the
start of A(0,20) in Fig. 3.9 is recognisedy (0, ?) is expected to be recognis&¥.In order
for Y(0,30) to be recognised, the end df(0,20) and both the start and end &f(25, 30)
need to be recognised. In addition, all of the temporal caitds need to be satisfied. If any
of these conditions are not satisfied, the partial occugén@, ?) is not completed. In this
example, ifB was not recognisetf (0, 7) would stay partially recognised for the remainder of
the recognition session. In order to avoid that, the conoépwindow of relevancg26] has
been introduced, which needs to be defined explicitly by tex of the system. At every time
point, all partially recognised events are checked anceif thindow of relevance is exceeded
they are removed.

There are some interesting problems with foisvard recognitionmethod:

e Multiple partially recognised occurrences of an event cdastat each point in time.

For instance, if nd event occurred between the recognitiomgh, 20) and A(23, 40),
two partially recognised occurrencesof Y (0,7) andY (23, ?), should exist in the
system.

e Even when a partially recognised event is fully recognigkd,partially recognised
occurrence should be kept in case an alternative complifound. For example,
after the recognition ofi(0,20) and B(25, 30), Y (0, 30) is recognised fully. How-
ever, whenB (47, 55) is recognised the occurrentg0, 55) may also be a valid one.
Therefore,Y (0, ?) should not be removed after the recognitioryab, 30).

e A partially recognised event can cause the partial reciogndf a higher-order event.

For instance, as soon &§0,?) is created,Z(0,?) needs to be created too. Also

whenever, the partial occurrent®0, ?) is updated, due to the recognition of further

°The ‘?” end point signifies the fact that the occurrence is onlyiplytrecognised.
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events, e.g. the detection of the end4gf), 20), Z(0, 7) should be updated, too.
These problems have a serious effect on the space and cdimpataomplexity of the forward
recognition algorithm. However, this cost may be acceptétpartially recognised events are
useful to the system, e.g. for the purpose of focus of atianti

In contrast to this approachackward evaluatiorof event definitions has been chosen
for the TCN. This choice was motivated by the different tygeeeent used in the system.
Namely, the assumption was made that an event cannot benisedgoefore it ends. For
this type of event it seems more appropriate to wait untiltdreninal subevent in an event
definition is recognised and then check whether the eventbearecognised. The process
taking place during the recognition of events that are netluss terminal subevents stores the
event occurrences in a way that allows efficient retrievahaybackward evaluation algorithm.
Limited use of forward matching can be made by constructigigd subevent sequences for
an event and checking the temporal constraints. This cantmidone locally though, i.e.,
for one event definition, as partially recognised subevargsnot of use in the recognition of
higher-order events.

Intuition suggests that forward recognition is more apgedp for on-line recognition sys-
tems than backward recognition. The problems describedeaimake this claim less obvious.
The backward recognition approach is simpler, as it doegemtire the use of windows of
relevance and the continuous updating of partially recmghievents. It is also more space
efficient, as no partial occurrences need to be stored. instef computational complexity,
backward recognition is unlikely, in average, to be moreciffit than forward recognition.
However, there are cases where this is also possible. Asmesgrample, assume the defini-
tion of an eventZ in terms of the subeventd, 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 largebar of partially recognised
events forZ will be constructed:

10 sequences df4, B, C),

4 sequences dfA, B),

2 sequences qfA).

If D is now recognised, the forward recognition algorithm wélk to examine at least thé



CHAPTER 3. A GRAPHICAL REPRESENTATION FOR EVENT RECOGNITNO 86

(A, B, C) sequences to check whethércan be recognised. In the worst case, the backward
recognition algorithm would need to generate all(Q B, C') sequences, which would cost
15, instead ofl0 operations. However, if just on€ occurrence did not satisfy the distance
constraint betwee@ and D, this number would be reduced. For instance('{8, 10) was

too close to the recognised, only 9 operations would be needed for the backward matching
algorithm.

The above example illustrates a problem, which has beencliserved in [25], namely,
that the highest computational cost of the forward recamgmitlgorithm is incurred by the
multiple copies of partially recognised events. This peablbecomes more serious with the
use of a high-order classification network, where the nurbpartially recognised events can
increase significantly. For this reason, a more thoroughpewison of the two approaches is
required, in order to determine the conditions under whaxtheone should be preferred.

Another difference of the TCN from the temporal event redtigm systems is the range of
allowed temporal relations in the representation. Thestesys use more expressive temporal
logics than the TCN, which allow a variety of temporal redas between subevents in an
event definition. Usually, all temporal relations are ipteted 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 relagioi.e., stronger assumptions
about the order of subevents in an event definition are makle.nlost restrictive assumption
is the precedence sequence, which, however, results instastiilal gain in the computational
complexity of the recognition algorithm. If this assumptis removed, the evaluation of event
definitions will become more complex and a constraint pragiag algorithm will be needed
for that purpose. Examples of such algorithms appear in42€][46].

In addition to the above technical details, there is a déffiee of emphasis between the TCN
and other temporal event recognition systems. The empimagig latter is in the expressive-
ness of the event definitions and the efficiency of the locaktraint propagation algorithms.
These are undoubtedly very important issues in an evengngemn system. However, equally
important is the global structure of the system, which hanktbe focus point in the design
of the TCN. A graphical representation has been proposeth&drpurpose, which imposes
a hierarchical ordering of events in the recognition modalrthermore, the TCN has been

viewed as a computational network and different types ohevecognition functions have
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been considered. This issue has not been examined in othpotal event recognition sys-
tems. This alternative view of event recognition is the naintribution of the work presented
in this chapter. The TCN representation provides an efficgproach to event recognition
and a suitable framework for the development of the parametmement 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 peesented by @ontext-free
grammar(CFG), in which0-order events are the terminal symbols and higher-ordenteve
non-terminalt! For example, the DAG of Fig. 3.3 can be represented as fallows

C <Y>

<Y> ::= A B

<Z> ::

In fact, the full expressive power of a CFG is not necessagabse the network can be flat-
tened into an equivalent set of sequence®-ofder events. in the above example, there is
just one such sequence, i.&, A, B). More than one sequence is generated if disjunction is
used in the TCN and/or there is more than one output node. dhédting set of sequences
corresponds to all possible combination)adrder events that can lead to the recognition of
output events. Such flat sequences can be represent@uteystateor regular grammars, or
their equivalenfinite-state automat@~SA). The FSA for the above simple example is shown

in Fig. 3.10.

&m0

Figure 3.10: A finite state automaton for a simple CFG.

The focus of the grammatical representation is on the teahgaccession of events, rather
than the temporal relations between them. For exampledte of selective use of event oc-
currences, from a sequence, in the recognition of an everttia natural one for a grammar-
based inference system. For similar reasons, the treatvthewerlapping events is problematic.

However, both these problems can be solved by augmentingréimemar with the appropriate

1A textbook introduction to grammars can be found in [42].
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temporal relations. A more difficult problem is the reprdaé@on of rejecting events, as nega-
tion in grammatical inference is defined by failure of maiah, illegality of a sequence. If the

grammar was also augmented to include “negative symbdis’end result would be equivalent
to the rules of the production system, by which the discuswidhis chapter started.

The correspondence of a TCN to a grammar provides a diffénsight to the represen-
tation of repeating events in a TCN model. One could viewdhmsents as a restricted type
of loop in the DAG, where the repeating event supports itsEffis alternative representation
would suggest a recursive inference mechanism for regeatiants, rather than the iterative
one used in the proposed algorithm. The reason for not faligwhis path is that it introduces
disturbing exceptions to the partial support order, whectiseful for providing efficient classi-
fication. An additional problem is that counting is not a makyproperty of grammars and for
this reason the representation of the bounds on the numlpepetitions presents a difficulty.

Grammatical representation has been used in syntacterpaticognition systems, an ex-
ample of which is the speech recognition system, HARPY [S3ARPY is a system that
identifies legal sentences in continuous speech. It opeditectly on the raw signal and for
this reason it incorporates several processing elemethts.ofe which is of relevance to the
work presented here is th@owledge networkwhich performs the mapping of phoneme se-
guences to legal sentences. The knowledge network is cotedtr using four different types

of knowledge:
e Legal sentences are described using a finite-state gramwhenty provides a hier-
archical decomposition of the sentences into words. THewiotg is an example
appearing in [53]:

<SENT>::= [ <SS> ]
<SS> ::= please help <M> | please show <M> <@
<Q = everything | sonething

<M = me | us
where [ ', ']’ denote the beginning and end of the utterance.

e Words are described in terms of phonemes in a pronunciataiomary, which con-
tains alternative pronunciations of a word. The words ingheve example are de-
scribed as follows:
everything(-,0) (EH, EH2) V R1Y2 TH I H3 NX
hel p (-,0) HH AA3 EL3 (<« (-,0),-) P
e (-,0) M1Y
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pl ease (— (-,0),-) (P (L, LL2), PL (L,0)) IY (Z{4},(Z 0) S)

show (-,0) SH AA5 (OWO0)
something (-,0) S AA MTH I H3 NX
us (-,0) IH6 S (HH 0)

[ -

] -

where -’ denotes silence( x, 0) means thak may be missing andn} is an ex-
ceptional duration constraint on a phoneme.

e A set of juncture rules determining the transition betweends.

e A set of templates for phoneme recognition, which also mhevypical duration

ranges.
All this knowledge is processed by a knowledge compiler tostmict a DAG, the vertices of
which correspond to phonemes, including silence, and thestb legal transitions. Duration
constraints are imposed on the phonemes.

The knowledge network is used to provide stepwise explanatf the received signal,
which is sampled at regular intervals. The duration of phoe®is calculated by allowing a
delay in each node, restricted by the duration constraifit® system outputs one event, i.e.,
one sentence, which is considered the best match to thamnttraccording to some distance
metric. The match between the utterance and the model isegaecrementally, while moving
through the knowledge network.

As mentioned also in chapter 2, HARPY was the only system hwhitisfied the require-
ments of the ARPA speech understanding project. Howeveyfiered form one important
problem: the size of its knowledge network. This is a restilthe compilation of high-
level knowledge, i.e., sentence specification, to lowilgh®neme transitions. In comparison,
the TCN provides a more compact representation, by pregpthie hierarchical definition of
events. Other differences of the two systems are:

¢ HARPY does not deal with overlapping events and rejectirigegents, for the rea-

sons explained above about grammatical representations.

¢ It also cannot deal with repeating events, which is a funtesiriction to the grammar.

e TCN outputs all matching sentences, or none if none sataiiesnstraints. HARPY

uses a heuristic distance metric instead, to decide on gtetetching sentence.
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3.7 Summary and critique

A patrticular type of event recognition has been examined asditable representation for
event recognition models has been presented. The tempasalfication network allows the
representation of hierarchical event definitions and tigerporation of temporal constraints.
The proposed representation allows the definition of thyped of event, i.e., conjunctive,
disjunctive and repeating, and the use of negative evideneeent definitions. It also permits
two types of temporal constraint, the unatyr at i on and the binarypr ecedes, which
operate on intervals associated with event occurrences.important assumptions about the
structure of the model have been made, i.e., partial sugpddr and precedence sequence,
allowing the design of a simple and efficient inference atbor for event recognition.

The main restriction of the TCN is in terms of the expressige/gr of the representation.

The system could be extended to relax any of the followingragsions:

e Events do not need to be defined hierarchically. For examgdeirsive event defini-
tions could be permitted. Such an extension would introdaops in the network,
which would complicate the inference mechanism. Howewstricted use of loops
might be manageable.

e The use of non-boolean functions could be extended to allmabilistic evidence
combination. This extension would allow event recognitiomder model or data
uncertainty.

e Further types of temporal relation between subevents dmifgermitted. This would
allow more flexible definition of events, which might be nesgey for some applica-
tions. For example, the terminal subevent in an event definihay not be known
with certainty. In that case a less restrictive relationMeein the potential terminal
subevents, than ther ecedes relation may be necessary.

e The strict precedence sequence assumption could be rdlaetidw a larger num-
ber of pr ecedes relations. Again this extension is associated with higluengu-
tational cost.

e The temporal network could be integrated with a non-tempama. An example of
this is the finite-state grammar used for the definition ofeseces in the HARPY sys-
tem. In such a system the quantitative temporal relatiohsd®n words may not be

known. In the TCN representation, such relations can belbdndsing constraints
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with undefined range limits.
In addition to the extension of the representation schehejriference algorithm could be
modified to perform a selection of the most likely sequenceeobgnised events. The phi-
losophy of the proposed system is closer, on that issueatoofitemporal event recognition
systems, where all valid inferences are taken to be trues 3éems a more appropriate ap-
proach for a system which does not deal with purely sequdanpat, but allows overlapping

events at different levels of the hierarchy.



Part Il

Refinement of Temporal Parameters

92



Chapter 4

Incremental parameter refinement

Accurate setting of the temporal parameters of an eventgretion
model can be a tedious and difficult task. This chapter exastine re
finement of an initially inaccurate model using trainingalathe even
recognition model is assumed to be represented as a tengassifica-
tion network, containing numeric duration and distancepeaters. The
training data is presented as two separate streams of lowigheevel
occurrences. Refinement aims at the correct recognitiorighf-level
events in the sequence of low-level occurrences. The foofrthte datd
as two separate streams introduces the problem of estialitte corre
spondence between the two streams and building a set ahigaram-
ples. The concept advent support trees presented as a solution to thi
problem. Furthermore an incremental refinement methoddpqsed
which guarantees the optimal solution, minimising a givest éunction

—

S

4.1 Refinement of a temporal classification network

This chapter presents a knowledge refinement approach taskef automatically setting the
temporal parameters of an event recognition model. Thesfofuhe knowledge refinement
enterprise is on the modification of a symbolic model, with tise of a small training sétThe
underlying assumption is that the model, in its initial statchieves a low performance on the
modelled task, e.g. classification. The refinement algorithrequired to extract information
from training data, drawn from the modelled process, andituseimprove the model. A
reasonable assumption, in this context, is that the imtiadlel is close to the desired one and
therefore only small changes need to be performed. This ecassary assumption, imposed

by the restrictive size of the training data. Purely empirlearning methods, e.g. MLPs, rule

'One could extend this perspective to include subsymbotitesys, but that would be misleading in the context
of this thesis.
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induction, decision tree induction, etc., are not applieab knowledge refinement, due to the
scarceness of empirical data and the complexity of the madeivever, empirical learning
methods and knowledge refinement share many of the bask ad@ductive inference, since
they both extract information from training data.

Section 2.2, in chapter 2, has presented briefly the moseimtill approaches to knowledge
refinement. The common feature of these methods which miakesihappropriate for the task
examined here, is the assumption of a clear mapping of impodtput in the training data. The
training examples are assumed to consist of a set of inpuesawhich describe an object,
and an output value, which provides the desired classificatf the object. This assumption is
invalid for time-dependent data, such as an event sequethese the refinement method needs
to establish the correspondence between the low-level eeenrrences and the desired high-
level ones. Additionally, in the case where more than oneiesece of low-level occurrences
can cause the recognition of a high-level one, a mechanismeédged for choosing among
alternative low-level sequences. The methods presentigisiand the following two chapters
utilise the structure of the temporal classification nek@CN), to provide solutions to this
problem.

The refinement of a TCN model can take various forms, corredipg to tasks of different
complexity. Two naturally distinct refinement tasks are dlgiustment of numerical param-
eters and the restructuring of the model. The former taskhweg the modification of the
temporal constraints in the TCN model, i.e., the distancedaumation ranges, which determine
legal precedence sequences. Model restructuring in a T@\vis the deletion or insertion
of links and nodes in the network, i.e., the removal or additif event definitions and support
dependences. This thesis concentrates on the refinemeningfrical parameters, which usu-
ally involve a higher degree of uncertainty. It seems intaithat a human expert, designing
the event recognition model, would be less certain aboutthmeect setting of the temporal
constraints than the dependence between events.

Based on the properties of a TCN model, the task of paramefisement can be further
subdivided into subtasks, as shown in Fig. 4.1. The first mapd aspect of the task is the
amount of available supervision. In this chapter and chidpitis assumed that training feed-
back is provided fomll of the events in the TCN. This type of supervision is termdt as

opposed tgoartial supervision which assumes training information only for a subset of the



CHAPTER 4. INCREMENTAL PARAMETER REFINEMENT 95

TCN nodes and is examined in chapter 6. The two chapters vad@ahwith refinement un-
der full supervision present two different approachesheeth its own merits and limitations.
The approach presented in this chapter is an incrementalgtiielow memory requirements,
achieving locally optimal refinement. The one presentechapter 5, uses an extended mem-
ory scheme which accumulates information over time. Thgegch allows independence of
the refinement algorithm from the order of presentation efdata, but is space inefficient.
Moreover, refinement is performed with the help of a heuriséiarch method, which provides

tolerance to noise in the data, but does not guarantee djyima

Parameter refinement

|
| | |

full supervision full supervision partial supervision
(incremental) (batch) (chapter 6)
(chapter 4) (chapter 5)
feedback allocation
space-efficiency and order-independence and
optimal refinement noise-resistence

isjunctive eve conjunctive events eatinge/veaK

WOM duration and distance |special examplefarmat

negation fixed duration  tunable duration
tunable distance  and distance

Wﬂo@t (section 4.4)  (section 4.5)

Figure 4.1: Parameter refinement tasks in a TCN. The taskiardnin this chapter is sub-
divided into subtasks. Interesting features of each taskrenluded in the boxes underneath
them. Crossed-out items are not examined.

Additionally, the following assumptions are made in thispter:

¢ Only conjunctive event definitions are examined. The extent® disjunctive events
is trivial, but repeating events cause further pr