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DYNAMIC OPTIMIZATION OF CLASSIFICATION SYSTEMS FOR ADAPTI  VE
INCREMENTAL LEARNING

N. KAPP, Marcelo

ABSTRACT

An incremental learning system updates itself in respoasedoming data without reexam-
ining all the old data. Since classification systems capabiecrementally storing, filtering,
and classifying data are economical, in terms of both spaddime, which makes them im-
mensely useful for industrial, military, and commerciatpases, interest in designing them
is growing. However, the challenge with incremental lelagnis that classification tasks can
no longer be seen as unvarying, since they can actually ehaiily the evolution of the data.
These changes in turn cause dynamic changes to occur irag®fidation system’s parameters
If such variations are neglected, the overall performaritieese systems will be compromised
in the future.

In this thesis, on the development of a system capable oémnentally accommodating new
data and dynamically tracking new optimum system paramébeself-adaptation, we first ad-
dress the optimum selection of classifiers over time. Wegsem framework which combines
the power of Swarm Intelligence Theory and the conventigndlsearch method to progres-
sively identify potential solutions for gradually updagitraining datasets. The key here is to
consider the adjustment of classifier parameters as a dgngptimization problem that de-
pends on the data available. Specifically, it has been shbain if the intention is to build
efficient Support Vector Machine (SVM) classifiers from smms that provide data gradually
and serially, then the best way to do this is to consider mseleiction as a dynamic process
which can evolve and change over time. This means that a nuofilselutions are required,
depending on the knowledge available about the problem andrtainties in the data. We
also investigate measures for evaluating and selectisgifiler ensembles composed of SVM
classifiers. The measures employed are based on two difteries (diversity and margin)
commonly used to understand the success of ensembles. tlibis lsas given us valuable
insights and helped us to establish confidence-based nesaasira tool for the selection of
classifier ensembles.

The main contribution of this thesis is a dynamic optimiaatapproach that performs incre-

mental learning in an adaptive fashion by tracking, evajyand combining optimum hypothe-

ses over time. The approach incorporates various theaues, as dynamic Particle Swarm

Optimization, incremental Support Vector Machine classsfi change detection, and dynamic
ensemble selection based on classifier confidence leveteriixents carried out on synthetic
and real-world databases demonstrate that the proposedagbpoutperforms the classifica-

tion methods often used in incremental learning scenarios.



OPTIMISATION DYNAMIQUE POUR LAPPRENTISSAGE INCREMENTAL
ADAPTATIF DES SYSTEMES DE CLASSIFICATION

N. KAPP, Marcelo

RESUME

Lors de l'arrivée de nouvelles données, un systéme d’afipsaige incrémental se met a jour
automatiguement sans réexaminer les anciennes donnéssd’uo apprentissage incrémen-
tal, les parameétres des systemes de classification ne sent@hsidérés comme invariants
puisqu’ils peuvent évoluer en fonction des données emsantes changements causent des
variations dans I'ajustement des parametres du systénlassification. Si ces variations sont
négligées, la performance finale d’un tel systeme peut @¥gaurement compromise. De tels
systémes, adaptés au probléme de classification, sontitessaudes fins industrielles ou mili-
taires car ceux-ci sont a la fois rapides d’exécution et mrurgands en mémoire. On observe
en conséquence un intérét grandissant a I'élaborationglsytstemes.

L'objectif principal de cette these est de développer utesye capable de s’adapter de facon
incrémentale a l'arrivée de nouvelles données, de suivigiagtalyser dynamiquement les
parameétres du systeme optimal pour ainsi permettre sonaaapautomatique a de nouvelles
situations. Pour ce faire, nous commencons par abordepl#gune de la sélection optimale
des classificateurs en fonction du temps. Nous proposonsnehéecture qui combine la
puissance de la théorie de I'intelligence des essaims ave@thode plus conventionnelle de
recherche par grilles.

Des solutions potentielles sont progressivement ideesife mises en évidence pour des bases
de données graduellement mises a jour. Lidée principalestde considérer I'ajustement
des paramétres du classificateur comme un probleme d’gatiion dynamique dépendant des
données présentées au systeme de maniére continue. Enlpgrthous avons montré que si
I'on cherchait a élaborer un classificateur SVM (SupporttdeMachines) efficace a partir de
sources de données différentes, graduelles ou en sérmsx kalait considérer le processus de
sélection de modéles comme un processus dynamique quiya#uegéet changer. Ainsi, les
différentes solutions sont adaptées au fil du temps en fum€gvolution des connaissances
accessibles sur le probleme de classifications et de llihaogde sur les données.

Ensuite, nous étudions aussi des mesures pour I'évalugttiarsélection d’ensembles de clas-
sificateurs composés de SVMs. Les mesures employées sardsbsigr les théories de la

diversité et la marge communément utilisées pour expliuperformance des ensembles de
classificateurs. Cette étude révéle des informationsguées pour I'élaboration de mesures
de confiance pouvant servir pour la sélection des ensemélelaskificateurs.

Finalement, la contribution majeure de cette thése estpm@ehe d’optimisation dynamique
qui réalise un apprentissage incrémental et adaptatif wargyfaisant évoluer et combinant



les hypotheses d’optima en fonction du temps. L'approchei$age de concepts issus de dif-

férentes théories expérimentales, telles que I'optingratynamique de particules d’essaims,

les classificateurs SVM incrémentaux, la détection de obvauegt et la sélection dynamique

d’ensembles a partir de niveaux de confiance des classifisatBes expériences menées sur
des bases de données synthétiques et réelles montrentagpeothe proposée surpasse les
autres méthodes de classification souvent utilisées dansadmarios d’apprentissage incré-
mental.
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INTRODUCTION

Pattern classification systems have been devised for malicatons and in many fields in
the past. Intended for different purposes but sharing theegarinciples, these systems are
designed to teach computers to solve problems based onxpestesnces. To build a pattern
classification system, a considerable amount of data isepeee]i and compared with patterns
already stored in memory. In the last four decades, remélkatvances have been made in a
number of recognition fields, e.g. recognition, speechdhaiting, etc. In fact, nowadays, if
sufficient data are provided, it is possible to make an almpesdect classifier for any pattern

classification problem.

However, despite the advances, most of these systems hawvbbiét using real-world data that
are considered to be stationary. In other words, their dgwveént is based on the assumption
that the available training data are always adequate, septative, and available in sufficient
guantity. Consequently, once the classification systenbias trained in a laboratory phase,
the assumption is that it will be capable of classifying neutire instances indefinitely in the
real world, i.e. in its operational phase. However, the inpteteness of training data is a com-
mon problem when developing many real-world applicatidtts.instance, in face recognition
applications, due to the large variation in facial exprassj lighting conditions, makeup, and
hairstyles, it is very difficult to collect data on all the gdslities in advance. Likewise, there
are unlimited ways of writing and speaking when developiagdwriting or speech recogni-
tion systems. Thus, even with the knowledge that the pedanes of classification systems
are highly dependent on data, to wait until the entire actioimsand storage process has been
complete would be impractical, uneconomical, or even irsfds. An alternative would be to

implement systems capable of learning incrementally.

Incremental learning systems update trained models irorsspto incoming data during their
operational phase, without reexamining all the old data.aAssult, they are economical, in
terms of both space and time, which makes them immenselylusefindustrial, military,

and commercial purposes. Because of this, interest in diegiglassification systems capable



of incrementally storing, filtering, and classifying dasagrowing. At the same time, there
is a challenge with incremental learning, which is that sifesation tasks can be no longer
seen as unvarying, since they can actually change accotdlitigg evolution of data. These
changes make the adjustment of a classification systemesneders a dynamic process. If
such variations are neglected, the overall performancheset systems will be compromised
in the future, resulting in the defeat of even the most sigfaésonventional machine learning

techniques, because they are not capable of adapting.

In light of this, a classification system must be able to inmeeatally accommodate new data
and dynamically adapt itself in order to better maintairopsimality with respect to internal

parameters, computational cost, and generalization qmediace. This brings us to the central
topic of this thesis, which is to contribute, with new sobus and breakthroughs, to the im-
plementation of an adaptive incremental system based aangigroptimization techniques. In

particular, experiments are carried out using Supportofddachine (SVM) classifiers as base
classifiers, and synthetic and real-world databases imgldifferent types of applications,

such as: handwritten digits, multisensor remote-sensiages, forward-looking infrared ship
images, etc. Therefore, databases with different numbiectasses, features, and training
samples are used when testing approaches with differemimggstrategies (i.e. gradual and

incremental) in a supervised learning context.

Problem Statement

A fundamental problem with incremental learning in statwieonments is that the best set
of a classification system’s parameters can vary over timw&gto changes in the incoming
data. Such changes can, for example, be minor fluctuatiamsl¢m or systematic [70]) in

the underlying probability distributions. These usualgult from either sample shifting or
the natural evolution of classification problems, considgthat new knowledge comes in part
from new observations at different times. Therefore, the@a distributions of training data

chunks may change and affect the system in several way® g&decision boundaries are

estimated according to those distributions. In the liteigtthese possible data changes are



defined agpopulation drifts[58, 109]. The problem in incremental learning scenariahat
they are unavoidable, even though the application enviesireeems to be static (i.e. where

the numbers of classes, features, etc. remain constant).

Consequently, the incremental updating of a classificagi@iem might require not only re-
viewing its existing models in terms of knowledge acquirad aew data, but also in terms of
its internal parameters set with respect to such data w@gt Otherwise, the whole system
may become obsolete and so fail to achieve a better adaptattbe future. This assumption
might explain why, even though significant research has beeducted to design incremental
learners [13, 109, 93, 26, 88], the results are not often tefaetory as those for batch mode
learners (i.e. when all data are considered). Taking thésascount, we propose to optimize
the traditional incremental learning approaches thatidenshe adjustment of parameters as
a static process (i.e. constant parameter values are eetpiofnitely) over time, to increase

the system’s power of generalization and decrease its @xityl

In addition, as we use the SVM classifier here, because afbisstness against the well known
curse of dimensionalit}38], the task of searching for optimum hyper parameter eslis a
primary problem that must be faced, the so-called SVM modkction problem. Solving
this problem is important because, although SVMs are vewepiol classifiers in theory, their
efficiency in practice relies on the optimal selection of élyparameters. This is because a
naive orad hocchoice of values for its hyper parameters can lead to podoeance in
terms of generalization error, as well as high complexityeirms of the number of support
vectors identified. In recent years, many model selectignagrhes have been proposed in
the literature. They differ basically in two aspects: (1¢ selection criterion; and (2) the
searching methods used. The selection criterion, i.e. bfjgctve function, is a measure that
guides the search. Some of these criteria are specificddyeceto the SVM formulation,
such as radius margin bound [118], span bound [19], and stupector count [117]. Others
are classical, such as the well-known cross validation aid-but estimations. The most
common searching methods applied are the gradient desmdmtiques [27, 20, 3], the grid-

search techniques [18, 47, 49], and the evolutionary teclas, such as genetic algorithms



(GA) [22, 25, 107, 21], the covariance matrix adaptationl@von strategy (CMA-ES) [40],

and, more recently, Particle Swarm Optimization (PSO) §24,

Although some of these methods have practical implememisitie.g. gradient descent, their
application is usually limited by hurdles in the model s&lat process. For instance, the
gradient descent methods require a differentiable obgétinction with respect to the hyper
parameters and the kernel, which needs to be differentablgell. Similarly, multiple local
minima in objective functions are a nightmare for gradieesaent-based methods. To over-
come this, the application of grid-search or evolutionaghhiques is a very attractive option.
Unfortunately, in the case of the grid-search method, a gh&atetization of the search space
in fixed values is crucial for achieving high performances, t8e main challenges in the SVM
model selection research field are considered to be: (1)hbee of objective function, (2)
the presence of local minima in the search space, and (3pthputational time required for
model selection task. In addition to these typical paramesémation difficulties, the esti-
mation of parameters over time from incoming data at difietenes aggravates the model
selection problem. This is because, when knowledge of thbl@m is limited, or the data
are noisy or arrive in batches over time, the model sele¢tisk and its performance can pro-
gressively degrade. So, we consider a gradual learningagogie. when historical data are
not discarded) in order to study the dynamism of the paranset@rch space with respect to

different levels of uncertainty.

An interesting alternative for improving the performandesingle classifiers is the fusion of
classifier decisions into ensembles, especially when tred t§ uncertainty is high, i.e. when
only small sample sets are available [116]. However, deslithese efforts, our understand-
ing of the effectiveness of the ensemble methods is stikitey; and is driving new research
on classifier fusion. As a result, several works on ensentfletassifiers (EoC) have been
conducted to find measures that could be well correlated evifemble accuracy and so used
to evaluate and select the best classifier ensembles [636998, 125, 96, 69, 73, 122, 9, 116,
110]. Nevertheless, there is a consensus in the literatidiieating that some diversity exists

between ensemble members, and that this diversity is the smirce of possible improve-



ment in overall performance [28, 69, 73, 122, 9]. Althouglsitvell accepted that diversity
is, as far as we know, a necessary condition for improvingalvaccuracy, there is no general
agreement on how to quantify it or deal with it. Thus, everutitothe application of EoC is
clearly advantageous, the search for an efficient objeftinetion for selecting the best en-
semble from a pool of classifiers is still a persistent probld@his is a particularly important
issue with respect to the development of an incrementanilegusystem, as considered in this

thesis.

Research Goals and Contributions

In our effort to implement an adaptive classification system accomplish three major goals.
The first is to develop a method for searching for optimum eslior SVM hyper parameters
over time. We face two main challenges in this endeavor: y&jaming common difficulties
involving optimization processes, such as the presenceuttfmodality or discontinuities in
the parameter search space, and (2) quickly identifyingraph solutions that fit both histori-
cal data and new, incoming data. If we do not meet these clygke the processes for searching

hyper parameters over sequences of datasets could peréamhy pr be very time-consuming.

To tackle these two issues, we first study the SVM model seletask as a dynamic opti-
mization problem considering a gradual learning contexwimch the system can be tested
with respect to different levels of uncertainty. In partaoy we introduce a Particle Swarm
Optimization-based framework which combines the powenadid Intelligence Theory with
the conventional grid-search method to progressivelytileand evaluate potential solutions
for gradually updated training datasets. The key idea isbtaio optimal solutions via re-
evaluations of previous solutions (adapted grid-search)ianew dynamic re-optimization
processes (dynamic Particle Swarm Optimization, or DPE&perimental results demonstrate
that the proposed method outperforms the traditional amtres, while saving considerable

computational time. This framework was presented in [57, 55

The second goal is to experimentally investigate sevetjalctiibe functions for the evaluation

and selection of EoC. This is an important step in improvimg &pplicability of SVM en-



sembles in the classification system proposed here. Intilhy,swve analyze classifier fusion
empirically through the relationship between two theorsated to an ensemble’s success,
i.e. diversity measures and margin theory, with ensembtaracy. In order to achieve this,
we first survey some classical diversity measures and sorasures related to margin theory.
Then, an experimental protocol similar to that introduceflil6] for characterizing SVM en-
sembles is employed to evaluate the measures and drawste$akn, from a discussion on
those results, we try to answer some questions currenlingrirom the literature, such as the
following: Which measure offers the best guidance in cfessusion evaluation? How are the
diversity measures related to each other? Is there a nesdijle among diversity, margins, and
ensemble accuracy? What are the best measures for obssueing relationship? Finally, we
conclude this study with valuable insights on methods feidn evaluation and selection of
EoC. These investigations are very important, since it legh lwlemonstrated in the literature
that the fusion of classifier decisions into ensembles ctuallg improve the performance of
single classifiers, even SVMs [116]. However, despite thedfets, our understanding of the
effectiveness of ensemble methods continues to perplekihas is driving new research on
classifier fusion [67, 99, 36, 28, 125, 96, 69, 73, 122, 9, 11®]. Most importantly, this
study provides valuable insights on how these two theoaesmfluence each other and shows
us how confidence-based measures can be of greater intemastliversity measures for the

selection of EoC. A study of this nature was presented in.[54]

The final goal is to propose a classification system that padadaptive incremental learn-
ing. The method is implemented based on the following twoagiples: (1) the incremental
accommodation of new data by updating models, and (2) thardiymtracking of new, opti-
mum system parameters for self-adaptation. Our aim is tccomee a problem that arises with
incremental learning, which is the obsolescence of thedssif classification system parame-
ters as a result of incoming data. In particular, the progosethod relies on a new framework
incorporating various techniques, such as single increah&vYM (ISVM) classifiers, change
detection, DPSO, and, finally, dynamic selection of EoC. gb& of our method is to update,

evolve, and combine multiple heterogeneous hypothesesr(iodels with different parame-



ters and knowledge) over time, and hence to maintain themsysoptimality with respect to
internal parameters, computational cost, and generaizgerformance. As a result, adapta-
tions are realized in two levels, beyond what is achievedhigyibcremental learning aspect
alone and into the levels of base mode parameters and defision. Thus, unlike the tra-
ditional incremental learning approaches, which consithessifier parameter adjustment as a
static process (i.e. constant parameter values are entploygdate the system infinitely), we
are suggesting that they be optimized over time to incrdasie power of generalization and
decrease their complexity. In order to achieve this, ouredythg hypothesis, set out here,
is to consider the incremental learning process as a dynaptimization process, in which

optimum hypotheses are dynamically tracked, evolved, antbined over time.

The proposed method is validated and demonstrates itseefficithrough experiments with
synthetic and real-world databases. Results in single aritiple classifier configurations are
compared with those obtained with these strategies: SVMnaged with PSO in batch mode,
ISVM with parameter values fixed beforehand, and two incrgrsapable classifiers (1-NN
and Naive Bayes), which are widely applied in incrementaiiang studies. The performances
of these classifiers are considered “no less" than thoseesofhiatch versions [87]. An incre-
mental ensemble strategy with optimized parameters amereift combination rules is also
employed for comparison. As additional objectives of thiglg, we try to verify whether or
not: (1) incremental learning with SVM can achieve similarfprmances to those obtained
in batch mode; (2) adaptation of the system’s parameternstione is actually a dynamic opti-
mization problem, and, if so, it is important to achieve hgginfformances; and (3) the dynamic
selection of EOC can lead to better results than simply comgiall the pools of classifiers

available. We introduce this method and results in [56].

The additional contributions of this work are to provideigigs on strategies for optimizing
and selecting classifiers, on the use of memory-based misasrand on dynamic optimiza-

tion methods.



Organization of the thesis

The thesis consists of four chapters. Chapter 1 and chageys2nt a brief literature review
of the main research topics and works related to the devedapwf classification systems
capable of performing incremental learning. The notion afadchanges is also described.
Then, general approaches and classifiers that have beayspbio build classification systems
capable of learning incrementally are surveyed. The rebedirectives adopted in this thesis

are also discussed.

In chapter 3, we empirically demonstrate that the SVM moe&taion problem performed
over time can, in fact, be treated as a dynamic optimizatioblpm. Based on this assumption,
a PSO-based framework, which combines the power of Swaretliggnce Theory with the
conventional grid-search method is introduced. Experialeasults with this method and with

traditional approaches are presented.

In chapter 4, we investigate nine measures from two difteteaories (diversity measures
and margin theory) to be employed in the evaluation and seteof SVM ensembles. From
empirical results, discussions on how these two theorirsrdduence each other and on the

application of margin-based measures are described.

In chapter 5, the proposed adaptive incremental learningaedes presented. We describe each
additional module composing the framework, and explain/dréous strategies for adaptation
and performance improvement, such as dynamic parametenipgtion and the selection of
ensembles based on their respective confidence levels riebgres and results obtained are

reported. Finally, we outline our conclusions and suggestaiines for future work.



CHAPTER 1

PATTERN CLASSIFICATION IN IMPRECISE ENVIRONMENTS

The development of classification systems capable of parfay adaptive incremental learn-
ing requires an understanding of the challenges inherealassification in imprecise envi-
ronments, i.e. environments where the uncertainty levéhénincoming data is usually high
and where different types of data change can be involvedisnchapter, the two main con-
cepts regarding pattern classification in such environsar introduced: (1) the capability of

incremental learning; and (2) the various changes that camran the data.

1.1 Incremental Learning Definition

Incremental learning means learning new data over timeowitkeeping all the old data for
subsequent processing, thereby reducing training timecamgputational effort. However, an
incremental learner should be able to adapt to new infoomatiithout corrupting or forget-
ting previously learned information. In other words, it hdsal with the so-called stability-
plasticity dilemma, which describes the state where a stealalssifier will preserve existing
knowledge, but will not accommodate new information, wialeompletely plastic classifier

will learn new information, but will not conserve prior kntadge [93].

Incremental learning approaches are very attractive fivirggp several real world classifica-
tion problems, especially those where: (1) the data adgunsprocess is expensive, and so
only a few samples become available over time; (2) the datargéion process is itself time-
dependent, as in time series data; or (3) the training datéadle are too large to be loaded
into computer memory [109]. Basically, in agreement withilw et al. [93], an incremental

learning algorithm must meet the following criteria:

a. It should be able to learn additional information from roata;

b. It should not require access to the original data usedaito the existing classifier;
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C. It should preserve previously acquired knowledge, tehould not suffer from catas-

trophic forgetting;
d. It should be able to accommodate new classes that mayrbduced with new data.
It is important to note that incremental learning as refétie here is a process of updating
a classification system with suitably sized samples of é&taet a time, i.e. block by block,
and not one sample at a time, which is called online learningstance-by-instance learning
[109]. In the literature, a generic algorithm for incrermadriearning may be defined in five
steps [77]:
1) Learnrules from examples;
2)  Storerules, discard examples;
3) Use rules to predict, navigate, etc.;
4)  When new examples arrive, learn new rules using old ruldsaw instances;
5) Gotostep 2.
To summarize, the general idea behind incremental leaiititat the knowledge base is in-
creased incrementally as each new piece of informationtesrmdd. For this reason, classifica-

tion systems with incremental learning capabilities camevaxcurately represent the manner

in which humans learn.

Unfortunately, as new small pieces of information arriveiéferent times during incremental
learning, the whole learning/classification process cdfesdisturbances, depending on the

changes occurring in the data. We explain the possible @satagthe data in the next section.
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1.2 Concept Drift Issues

In many real world problems, a huge quantity of new inforimiis created dynamically mo-
ment by moment; for example, applications involving dataaning: spam filtering, financial
prediction, credit card fraud protection, network intarsand surveillance video streams, stock
market trend analysis, etc. Most of the time, these data beustored, filtered, or organized in
some way. Such tasks demand powerful computers and syssgrabkle of dealing with huge

volumes of data and data distributions that may change over t

A persistent challenge with incremental updating is thatsgue variations in problem data
distributions can affect system performance. In the liteg these changes in the data are
called concept drifts specificallypopulation driftsor real drifts, depending on the type of

change. We explain these changes below:

° Real drifts Real drifts refer to changes in the target concepts (e.@ssdabels) [58].
This kind of data drifting occurs for a category of real-vabproblems. For example, in
object tracking or user-interest-guided applications,dlass of interest varies over time.
This means that, in order to efficiently predict data, theéesysmight incrementally learn
data about the current concept, and, at the same time, reothveonflicting concepts.
Thus, in real-drift situations, the incremental learnimggess must cope with population
drifts resulting from updating phases, and also with chamgjgerent to the nature of the
problem, which can sometimes even invalidate the knowlediggady acquired by the

system.

° Population drifts Population drifts refer to hidden changes in the undegydata dis-
tributions intrinsically related to the incremental le@gnprocess. This is because they
result, for example, from sampling shifting, which dependshe order and the repre-
sentativity of samples present in the incoming data. In sades, the concepts (classes)
are usually predefined, but their distributions can evolkiemnew data arrive. For exam-
ple, the frequency of new types of spam mails and their feataray change drastically

over time, which causes variations in the data distribistimmd decision boundaries that
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distinguish whether or not a message is spam [31]. This m&ahpopulation drifts are
unavoidable in the incremental learning process, even wheapplication environment

seems to be static or when real drifts are involved.

Several examples involving real-world applications camplmvided to better illustrate
population drifts. For example, handwriting recognitigstems are usually trained from
a fairly large amount of data. Nevertheless, there are ut@lchways of writing a charac-

ter, and it would be impractical, if not impossible, to coll@nd store every possibility.
In this connection, a problem arises when systems implezddram specific user styles
are exposed to other styles, e.g. different populationsregidns. The systems would
certainly not achieve the same success for both styles.|Usirate, in Figure 1.1, we
show some isolated digits handwritten in the North Ameriaad Brazilian styles. It is

easy to see that variations in the two styles, e.g. for thebmusl, 2, 7, etc., could be
reflected in changes to the data distribution classes, whachd require updating of the

system in order to prevent compromising future classificei
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(a) North American (b) Brazilian

Figure 1.1 Examples of variations between handwritting sties. 1.1(a)
Handwritten digits from North American (NIST SD-19 database) and 1.1(b)
handwritten digits from a Brazilian database of checks [84]
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In probabilistic terms, the changes that may occur in a flea8on problem are related to
[58, 70]:

o Prior probabilities for the classesP(w,), ..., P(w.);
° Class-conditional probability distributiong(z|w;),, i = 1,...,¢; or

° Posterior probabilitie® (w;|z),i =1,...,c.

Population drifts result from changes that occur in #ie);) andp(z|w;) of classes, while real
drifts are related to changes in théw;|x) of classes. Figure 1.2 depicts these types of concept
drifts in probabilistic terms. Consider the class densifa two classesw; andw,, and the
optimal decision boundary of separation regarding onetin@uablez, as illustrated in Figure
1.2(a). The effect on the decision boundary of the variond4bf drifts mentioned previously
are subsequently depicted in Figures 1.2(b), 1.2(c), a&@)L.Figure 1.2(b) illustrates a drift
caused by the priors. Then, Figure 1.2(c) depicts a driftinglass density resulting from a
sampling shift for the class; between ther values 0.65 and 0.8, for example. Finally, a
drifting in the posterior probability of the class, and also between thevalues 0.65 and 0.8,

is shown in Figure 1.2(d).

Now that the definition of incremental learning has beengme=d and the difficulties it com-
monly encounters explained, in the next section we surveyrtain approaches introduced in

the literature to deal with these data changes and for inemgathlearning to occur.
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CHAPTER 2

RELATED APPROACHES

In the previous chapter, the definition of incremental leagrwas presented, along with the
challenges involved in keeping a classification system ugate. In addition, we have seen
that population drift is a common difficulty which needs tofaeed by incremental learning
processes with the presence, or not, of real drifts. Takiggihto account and for the sake of
clarity, a literature review is provided in this chapter twe imain approaches and techniques

that have been employed for dealing with these situations.

First, the main approaches applied in this research aresuaveyed: (1) instance selection,
(2) instance weighting, (3) incremental classifiers, ande@emble of classifiers. We start by
giving a general overview of these approaches, as illestriat Figure 2.1. They are then sum-
marized, with reference to their respective related woFeally, we present a discussion on
the research directives adopted in our thesis for the imgigation of an adaptive incremental

learning method, which is the research domain at issue here.

Approaches for Learning and
Handling Data Changes Overtime

Instance Instance Incremental Ensemble

Selection Weighting Classifier Lea(ning
Dynamic Incremental
Combiners Ensembles

! ¥ b
Re-using of  Filtering of  Chunking of
Data Data Data

Figure 2.1 General overview of techniques for developing aptive
classification systems.
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2.1 Instance Selection

Instance selection-based methods handle data changesiadlyithose related to real drifts, by
learning from a “time-window" of relevant examples. Theekglnce of the examples is usually
measured by their “age” or correctness, depending on thtegtr. A generic example of this
method is depicted in Figure 2.2. Consider an existing kraamd a selection criterion; the
instance selector carefully selects relevant examples fhe data stream and stores them in a
time-window When the number of examples in that window reaches a maxiofumitems,
the learner is entirely recreated or incrementally updatad the window. Older examples, or

examples that are no longer relevant, are discarded.

Related works we can cite are those of Schlimmer and Gradg#),| Widmer and Kubat
[121], Maloof and Michalski [78], and Lazarescu et al. [7&chlimmer and Granger [100]
introduced the STAGGER system, which maintains a set of&atingescriptions (sets of sym-
bols numerically weighted by Bayesian weighting measuiM4jen the system fails to predict
a membership class for a new instance, a new, more compleepbdescription is built by

the iterative use of feature construction, where the mdastaat concept is selected.

In [121], Widmer and Kubat introduced the FLORA algorithimhiah learns current concepts
by implementing a rule system from a window of recent exasplde algorithm learns new
instances incrementally, while “forgetting” the oldeseen Algorithm variants (FLORA 2,
3, and 4) have been also been implemented with differentackexistics, such as: the use
of an adaptive window size, a store of “stable” concepts, kt¢his same vein, Maloof and
Michalski [78] have introduced a partial memory systemlethAQ-PM, which tests training
instances and selects only misclassified examples to stdteeiwindow for future learning
phases. A user-defined threshold controls a forgetting aresim. Klinkenberg and Joachims
[64] suggest dynamically adjusting the window size by manirity the system’s performance
on the last chunk of data. The authors train the Support Yedechine (SVM) classifier
with different window sizes from previous data and seleet Wwindow size that maximizes

the accuracy on the last chunk of data. Another variatiorhefdriginal instance selection
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approach has been introduced by Lazarescu et al. [75], wisiek an unsupervised algorithm
and not one, but three multiple competing windows of difféigzes to give the method more

flexibility.

Older samples<«—— = More recent samples

Instance Selector

Data
Stream

e f -~
Time Window IIIIII
T

Y

D Samples
Learner
I Relevant samples

Figure 2.2 lllustration of the instance selection approach

2.2 Instance Weighting

Instance weighting methods assign weights to instancexrdiog to their age and/or their
influence in the current concept. Unlike instance seleanethods, where examples are con-
sidered equally relevant in the window, these methods tigréate different degrees of rele-
vance for each example by computing weights for all instaneeen the relevant ones. This
approach has not often been applied, probably becausésifaalearning algorithms capable
of processing weighted instances. For example, in [62,tBB]authors implemented instance
weighting by employing an SVM classifier. Furthermore, theye a tendency to overfit the

data, as observed in [63].

2.3 Incremental Classifier

The incremental classifier approach refers to incrementalalhmaintenance. In other words,
approaches in this group employ a classifier algorithm dapatbeing continually updated.
The incremental learning process with a single classifiarlmsummarized as illustrated in

Figure 2.3. LeD(1), D(2), ..., D(n) be datasets available to the learning algorithm at instants
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k = 1,2,....,n. The learning algorithm starts with an initial classifieygothesis)M (1)
trained fromD(1). Then, M(1) is updated toV(2) on the basis 0D(2), andM|(2) is updated

to M (3) on the basis oD(3), and so on for future iterations.

Older samples More recent samples

| 1 1 1 1 1
Data |
Stream !
Datasets | p(1)| «+ |D@)| + |DE)| 1 | DK

|
Incremental
Classifier M(k)
DSampIes

Figure 2.3 lllustration of the incremental learning process.

Below, we summarize some single classifiers capable ofimengal learning:

Learning vector quantization (LVQ): a simple and succdssfiline learning algorithm

also originating from the neural network literature [70];

° Naive Bayes Classifier: a very suitable method for updatmegasting classifier, since
the sample frequencies required for calculating the pniobabilities can simply be in-

creased as new examples arrive;

. Nearest Neighbor: a classifier that is both intuitive andigate. The training set can be

built by storing each labeled samplas it arrives;

° Neural Networks: while generally suffering from catastrmpforgetting [93], a particu-

lar neural network family is capable of incremental leagniARTMAPS [13, 16, 15];

° Decision Tree: a classical batch classifier that has beernfiedtb accommodate new

data over time. An interesting version can be found in [50];
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° Support Vector Machine (SVM): a classifier that tries to firgbad representation of the
boundary between classes. It has the advantage of beinidyrsaiiled to incremental
learning tasks. More details about incremental versiorike@SVM are provided in the

next section.

2.4 Ensemble Learning

An ensemble is a set of classifiers (e.g. decision trees @fi)icial networks neural (ANN),
support vector machines (SVM), etc.) organized in such athaltheir individual decisions
are combined to obtain the ensemble prediction when a nem@eas to be classified. The
goal is to combine different classifier decisions to de@edhs variance and the error among

single solutions obtained by training from a dataBet

Ensembles of Classifiers (EoC) have become very populaheysdften outperform single
models. Consequently, the literature on EoC has grown sixtely with the objective of un-
derstanding them better and improving their results [6738928, 125, 96, 69, 73, 122, 9, 116,
110, 54]. Because of this interest, EOC are now widely agphediverse pattern recognition

applications.

The construction of an EoC involves the design of classifieminers and choosing a fusion
function to combine their decisions. Classifier memberdxeatiesigned in different ways [33],

such as the following:

° Manipulating training examplesThese methods vary the training samples in order to
generate different datasets for training the ensemble ressnBome examples are: Bag-

ging (BootstrapAggregatng [5]) and Boosting ([98]).

. Manipulating input featuresMethods in this group manipulate the features to obtain
diversity among members. Their goal is to provide a pari@awof the training dataset
to each ensemble member, so that they become different fneramother. Examples are

the Random Subspace method [46] and the feature subsdi@ekdcategies [111].
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° Manipulating output targetsin this strategy, the labels of training samples are manip-
ulated to produce different classifiers. For instance,qusie Error Correcting Code
method [34]), a multi-class problem is transformed into acdebinary problems. At
each new iteration, a different binary division of the traghdataset is used to train a

new classifier.

Along with these three categories, there are also some aethat manipulate ensemble mem-
bers (i.e. producing heterogeneous ensembles, the menoflvensch can actually be different
classifiers [97] or represent variations of some aspectgwea classifier, such as the topology

for neural networks [102] or hyperparameters for SVMs [1£%5}).

At the same time, the choice of fusion function depends ort wihd of information is obtained
(e.g. labels, probability estimation, etc.) from the indisal models. Among the most common
options found in the literature are: majority voting, simplverage, sum, product, maximum,
minimum, weighted average, Naive-Bayes combination, fleciTemplates (DT), etc. [61,
72, 71]. For more information about combination functiomsl alassical methods for the

creation of ensembles, a comprehensive survey with exansplebe found in [71].

In addition, different combination architectures can biengel, according to classifier arrange-
ment. There are several related topologies or structurteeifiterature, such as conditional,

serial, parallel, etc. Lam [74] proposed a classificatiotheke topologies as follows:

° Conditional This topology is based on confidence level, and it works io tays. A
base structure is used to measure the confidence level. ré tha rejection, or if the
classification is made with a low level of confidence, a seaondtructure is used which
is more specialized in the particular problem. This secondiucture, which is usually

more complex than the first, is only used for more difficulteats.

° Seriat The classifiers are arranged in series. Each classifieupesda reduced set of

possible classes or values that are used by posteriorfe@assi
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° Parallel: This topology consists of a set of classifiers consultedanaltel. First, an EoC
operates in parallel to produce classifications of a pattend then their decisions are

combined by a fusion function.

° Multistage In this topology, the classifiers are arranged in diffestages, such as hybrid

combinations of parallel-serial or serial-parallel atebfures.

In the same way, inspired by the success of the conventianalr&ethods introduced above,
which are traditionally applied over a single dataset, sintiechniques have been proposed
to perform incremental learning. Based on the original jdeaC methods for incremental
learning also generate and combine sets of classifiers. Waoytbe creation of base classifiers

is slightly different, i.e. rather than fixed datasets, n@wmlatachunks can arrive over time.

A comprehensive survey on the various ensemble techniguedyhamic environments is
presented in Kuncheva [70]. Based on that study and [31heketwo sections present a com-
pilation of the proposed strategies found in the literatarewvo groups: dynamic combiners

and incremental ensemble approaches.

2.4.1 Dynamic Combiners

Dynamic combiners train ensemble members in advance anctti@nges (i.e. concept drifts)
are tracked by updating the combination rule with respecetes data. Therefore, the adapta-
tion is performed only at the decision fusion level, sincistixg classifiers are never retrained.
Methods in this group are commonly called "horse racingbatgms. We outline some of

these algorithms below:

a. Weighted Majority This algorithm is composed of four steps [70]: 1 - Initialiall
Weights{uj}f:1 = 1, assigning to each base classifier a classifier ensethli?e- For
each new training sampie compute the support for each class as the sum of the weights
of all classifiers that suggest its respective class lalmels.f Label asx the class with

the largest support. 3 - Check the true labekadnd update the weights of all experts
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with an incorrect prediction as, = (u;, wheres € [0, 1] is a user predefined parameter.

4 - Continue from Step 2.

b. Hedges: The same updating rule as in the Weighted Majority algarith employed.
However, instead of taking decisions based on the weighggdrity, this method uses
the prediction from a selected classifier as the ensemblsidecThe selection process

is based on a probability distribution defined by the noreealiweights.

c. Winnow This method is similar to the Weighted Majority algorithbut has a different
updating rule. In this algorithm, the weights are recomguisly if the ensemble pro-
vides an incorrect prediction for the current inputIn addition, the weight: of each
classifier is updated, as follows: If the correct labelfas obtained by a given classifier,
its weight is increased, becoming = Su; (promotion step otherwise it is decreased,
becomingu; = u;/F (demotion step In this way, base classifiers are promoted or

punished according to the ensemble errors.

d.  Mixture of ExpertsUnlike the previous dynamic combiner methods, this stratepre-
sents a special case in which the fusion decision rule anl@etsd classifier are updated
from each new example. Therefore, it is important to notéttia base classifiers must

support incremental learning.

Although the dynamic combiner methods are attractive frarmglementation point of view,
the main problem with such an approach is their failure tgattanew data at the base classifier
level, since they must be trained in advance. This is a desatdge, because it may compromise
the performance of the whole system when exposed to an emvéot where no adequate

classifier has been previously trained.

2.4.2 Incremental Ensemble

Unlike dynamic combiners, the Incremental Ensemble methoel flexible, since they consider

the updating of ensemble size, member knowledge, and a catidn rule. The key here is
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how to assign the data to subsets in order to train the bassifid@s. This decision also
determines how new examples are learned by the ensembieaBgshey can be categorized

into three groups [70]:

a. Updated training data: The methods in this group use fresh data to make online apdat

of the ensemble members, where the combination rule may pnetachange.

e Reusing data pointAs described by Oza [86], an online bagging algorithm igluse
to converge to batch bagging as the number of training exesrgaid the number of
classifiers tend to infinity. The training samples for thessifiers in the ensemble
are created incrementally. The base classifiers are traisied online classifier

models.

e Filtering: Training sets are formed for the consecutive classifieth@aslata flows
through the system. The basic idea is to build the ensemhieb®is progressively
using portions of a training set. Examples of this kind of ragh are variants of
the traditional Boosting method [98], e.g. in [82] or the fHagsmall-votes [7]

method.

e Using data blocks or chunk§'he ensemble is updated using batch mode training
on a "chunk" of data. That chunk can be treated as a singledfedata, because
the ensemble is trained on the most recent block, on a sesbbfiecks, or on the

whole set of blocks.

b.  Updating ensemble members. The classifiers in the incremental ensemble can be up-

dated online or retrained in batch mode when blocks of dataedilable.

c.  Structural changes to the ensemble This strategy creates an individual classifier from
each new data chunk available. Then, whenever a change @mtirenment is detected,
they are re-evaluated and the worst or oldest classifierpigeced by a new classifier

trained on the most recent data. A general overview of thaarh is depicted in
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Figure 2.4. The idea here is to divide data streams into chwfldata for learning.
For each chunk of data, a new base classifier is trained anlinethwith preceding
ones for future predictions. This scheme is also calledclblvolution” in [41]. The
decision’s fusion of classifiers is usually realized by virggl voting, where the weights
are computed from the most recent data. Figure 2.4 depetsethidea and the variants

that can be suggested naturally based on this idea.

More recent samples

Older samples

Data i | | | | |
Stream |

L
|
Dataset%

e

D Samples

Figure 2.4 lllustration of the incremental learning process based on ensemble learning.

Despite this categorization of the approaches, it is ingmtrio note that combinations between
them are possible. In order to provide a better overview efapproaches and related works

that we have cited in this chapter, we summarize this inféionan Table 2.1.

In this table, we can see the base classifier, the type of dwtage studied when learning
over time, and the approach employed. We provide more dataithese aspects and works
in section 2.7. We now turn our focus to the base classified@me in this paper, which is

described in the next section.
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Compilation of some related works reported in theiterature by

outlining the base classifiers, the type of concept drift inglved, and

approach adopted.

Related works Base classifier Drift Type  Approach applied

Schlimmer and Granger [100] Rule-based learning Real Instance selectig
Widmer and Kubat [121] Rule-based learning Real Instance selectig
Maloof and Michalski [78] Rule-based learning Both Instance selectio
Klinkenberg and Joachims [62] | Support Vector Machine Real Instance selectio
Klinkenberg and Riping [65] Support Vector Machine Real Instance weightin
Syed et al. [109, 108] Support Vector Machine (SVM)  Population Incremental aféess
Ruping Androutsopoulos et al. [2] Naive Bayes (NB) Population Instance selectio
Street and Kim [106] Decision Trees (DT) Both Ensemble learnin
Hulten et al. [50] Decision Tree Real Incremental classifi
Kolter and Maloof [68] Decision Tree, Naive Bayes Real Ensemble learni
Stanley [105] Decision Trees Real Ensemble learnin
Wang et al. [119] Decision Trees, Naive Bayes Both Ensemble learni
Delany et al. [31] Instance-based{-NN) Population Instance selection
Wang et al. [120] Decision Tree Real Incremental classifi
Cohen et al. [26] Decision Tree Population  Incremental classif
Tsymbal et al. [112] Decision Trees Population Ensemble learnin
Mohammed et al. [81] Multi-Layer Perceptron (MLP)  Population Ensemble leagnin
Muhlbaier and Polikar [82] MLP, NB, SVM Real Ensemble learning
Parikh and Polikar [88] Multi-Layer Perceptron Population Ensemble learnin
Tsymbal et al. [113] Decision Trees Both Ensemble learnin

n
n
n
n
9

n

Y
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g
g
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2.5 Support Vector Machines

The SVM classifier is a machine learning approach based ostthetural risk theory intro-

duced by Vapnik in [117]. In particular, an SVM classifier epable of finding the optimal

hyperplane that separates two classes. This optimal higoerps a linear decision bound-

ary separating the two classes and leaving the largestip@ssargin between the samples of

the two classes. Unlike most learning algorithms based gpirezal risk, the SVM does not

depend on probability estimation. This characteristic @salk more robust against the well-

knowncurse of dimensionalifymainly for small datasets, since classification success dot

depend on the dimensions of the input space. Because ofttban be very promising for

incremental learning situations, and so we employ it here.
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In particular, the training of an SVM classifier can be sumgeat as follows. Consider a set
of labeled training samples represented®y(xy, 1), . . ., (X, y»), Wherex; € R¢ denotes

a d-dimensional vector in a space, apde {—1,+1} is the label associated with it. The
SVM training process, which produces a linear decision dawy (optimal hyperplane) that

separates the two classes (-1 and +1), can be formulatedrbsiming the training error:

min § | w P +CLL & o)
subject toy; ((wix;) +b) >1-&, & >0, i=1,...,n

while maximizing the margin separating the samples of tredlassesw is a weight vector

orthogonal to the optimal hyperplanijs the bias term( is a tradeoff parameter between

error and margin, ang; is a non negative slack variable fay. The optimization problem in

Equation 2.1 is usually solved by obtaining the Lagrangé, duzich can be reformulated as:

1\ 1
max 5> ai—3 Zzg Q05 YY XX

subjecttdd < a; < C, > 7 iy, =0

(2.2)

where(«;);c, are Lagrangian multipliers computed during the optimmafior each training
sample. This process selects a fractioof training samples withy; > 0. These samples
are called support vectors and are used to define the detisiomary. In extreme cases, the
number of support vectors will be the same as the number gblegnaontained in the training
set. As a result, the) vector can be denoted as’ a,y;x;. Figure 2.5 illustrates the general
idea of the decision boundary computed by the SVM, whereetlee two classes (circles
and squares) separated by an optimal hyperplane. Thengasaimples that were selected as

support vectors are located under and between the daslesdirargin).

However, this SVM formulation only works for linearly sephte classes, and, since real-world
classification problems are almost never solved with a ficksssifier, an extension is needed
for nonlinear decision surfaces. To solve this problem,dbeproductsx;.x;) in the linear

algorithm are replaced by a nonlinear kernel function), whereK (x;, x;) = ®(x;).9(x;),
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A optimal hyperplane

SwTe(z)y+b=1

< MwTe(@)+b=0
wT ®(x) +b=-1

Figure 2.5 lllustration of SVM optimal hyperplane separating two classes.

and ® is a mapping functiord : ¢ — H. Such a replacement constitutes the so-called
"kernel trick" [10]. In order to work, the kernel functiolf (x;,x;) must satisfy the Mercer
condition [117]. The kernel trick enables the linear algor to map the data from the original
input spacer? to some different spacH (possibly infinitely dimensional), called the feature
space. In this space, nonlinear SVMs can be generated,Isiraeoperations in that space are
equivalent to nonlinear operations in the input space. Tastrommon kernels used for this
task and their parameters, (-, w and) are listed in Table 2.2. The decision function derived
by the SVM classifier for a test sampteand training samples; can be computed as follows,

for a two-class problem:

l
sign(f(x)) with  f(x) = Z oy K (x5, x) + b (2.3)

Table 2.2  Compilation of the most common kernels

Kernel Inner Product Kernel
Linear K(x;,xj) = x; X;j
Polynomial K(x;,xj) = (yxI'xj+7) u>0

Radial Basis Function (RBF) K (x;, x;) = exp(—||x; — x,||*),y > 0
Sigmoid K(x,x;) = tanh(yxI'x; + 7)
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In the same way that this extension deals with nonlinearlpro®, the primary SVM formu-
lation requires additional modification to solve multidgzoblems £ > 2). There are two

approaches for handling this:

. One-Against-One (OAQO): This strategy arranges pairs afistieers into separate classes,
and is also called a pairwise scheme, where the total nuniletassifiers is:(c — 1) /2.
Given a test sample, the classification result is obtaineddmparing the pairs and

assigning the class with the maximum number of votes to it.

. One-Against-All (OAA): In contrast, the one-against-atbsegy yields one classifier for
each class that separates that class from all the other classes. Theéaigion is made
by the winner-takes-all method, in which the classifier viita highest output function

designates the class.

In this work, we use the OAO strategy, since it has been detraiad to be faster to train
and uses fewer support vectors than the OAA approach [47¢r&llythe SVM is a powerful
classifier with strong theoretical foundations and goodegalization performance. However,
even though it occurs in most machine learning algorithragying it requires fine-tuning of its
hyperparameter set (i.e. kernel parameters and the rezatlan parametet’). For instance(’

is a penalty parameter of the error term, e.g. a high valuespea the errors too much, and the
SVMs can either overfit the training data or underfit them.rneéparameters that are not well
tuned can also lead to underfitting or overfitting of the dataur case of interest, if the RBF
kernel parametey is improperly set, the SVMs easily over- or underfit the tirmgrdata, while

a badC setting can cause an explosion in the number of support reitentified, thereby
increasing the complexity of the classifiers obtained. 8ning the SVM hyperparameters
controls the classifier’'s power of generalization. The peobnow is to find their best values,
which is a non trivial task (the so-called “model selectigntblem). In the next chapter, we

explain this problem and relate it to dynamic optimizatioalpgems.
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2.6 Incremental Support Vector Machines

The SVM classifier has robust theoretical fundamentals,odteh demonstrates good empir-
ical results in the literature. Unfortunately, its traigiprocess is very time-consuming when
dealing with large or noisy datasets. This is mainly becdhseoriginal SVM formulation
involves solving a quadratic programming problem, whidjuiees that all training samples be
loaded into computer memory at once. For this reason, mamgnmental support vector meth-
ods (ISVM) have been proposed to provide options for updadim existing model that will
minimize the computational cost in terms of memory and psitg time. Without ISVMs,
the application of SVMs could be unviable in these situaidtiere, we have grouped the most
incremental SVM approaches found in the literature into ¢ategories, according to the way

in which they conduct the incremental process:

° Manipulating Sample Sets (MSShese ISVM methods update a classifier by merging
new data, old support vectors, and, optionally, additisaahples considered relevant in
an iterative training procedure. Other non important sasple discarded after training,
or used for recursively testing the models generated [108, 80, 123, 35, 1]. Other

approaches even filter samples before retraining the medgl [

° Preserving Karush-Kuhn-Tucker Conditions (PKThese ISVM training algorithms at-
tempt to incrementally approximate an optimal decisionratauy by adding a new sam-
ple to the solution and "adiabatically” updating Lagrangefficients ¢;), and retaining
the Karush-Kuhn-Tucker conditions on all previously seatad32, 103]. A sample-
discarding procedure is implemented based on a kind of feaeeout estimate of gener-
alization error on the whole training set. Despite incretaktnaining, the leave-one-out

procedure makes these methods computationally expensive.

We have compiled some related works in Table 2.3. Most of 8M methods were in-

troduced in order to reduce training time over a dataset,sando special techniques, like
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Sequential Minimal Optimization (SMO) or chunking-basqatimization, were used in the

process.

Table 2.3  Compilation of incremental SVM methods

Ref.

Grp.

Description

Requirements/data feeding (DFe)/Hyper-parameters
selection (HS)/general comments

[108]

MSS

Current support vectors are merged with new data for class|
updating.

fiNo. / DFe: Chunks. HS: No.

(80]

MSS

Based on condensed nearest neighbor classification tehn|
it exchanges samples between two extra sets w.r.t. their
rectness and distance to separating hyperplane. The prg
stops whether a user specified level of accuracy is reachad
extra test set or one of the sets become exhausted.

igValidation set, pre-setting of accuracy level intended,
carumber of nearest neighbors, multiple incremental ges-
ce®ns. /DFe: One training set, i.e. no chunks.HS:
oiNo.

[123]

MSS

This approach uses three sample sets during the process,
ples are classified, selected and exchanged between etgtra

samg3, v, Ad, § controls storage and performance ratgs;
senultiple incremental sessionsDFe: Chunks. HS: No

[11]

MSS

The idea is to train an ISVM from samples that represent
tices from convex hulls for each class. It is impracticahcsi
the complexity of convex hull computation can be huge
pending on the input space dimension.

etmpractical, the complexity of convex hull computatign
can be huge w.r.t. sample space dimension. No exgeri-

lements were performed.DFe: It could be from chunks.
/HS: No.

[17]

PKC

It tries to retain the Karush-Kuhn-Tucker (KKT) conditioos
all previously seen data, while “adiabatically” adds a nems
ple to the solution. Leave-one-out is performed for “untea
ing" samples.

Leave-one-out estimation for discarding sampld3f-é:
One training set, i.e. no chunksHS: No. No experi-
ments were performed.

[35]

MSS

Four strategies are compared in this work. Error-drivei-tef
nigue, which keeps only the misclassified data. Fixed-fpanti
that is similar to [108]. Exceeding-margin that keeps nem-sg
ples that exceed the margin defined by the current SVM mo|
And finally, a combination of exceeding-margin+errorssen
technique.

c DFe: Chunks /HS: Cross-validation to set parametels
over the first chunk, but used values were not mentioned.
| Reported results indicate that the fixed partition [108]
daelvercomes the other strategies.

[94]

MSS

This method attempts to re-learn only a neighborhood ffr
new data and update weights of old data.

prilwo extra parameters: number of neighbors and a well
suited error estimate. Multiple incremental sessions.
DFe: One dataset, no chunkidS: No.

[95]

MSS

This method works similarly to [108]. However, it changes t
SVM formula to compute the loss function by adding a weig
to punish errors on previous support vectors.

h Extra parameter to weight previous support vectgrs.
hDFe: Chunks HS: No.

[32]

PKC

The authors expand the work introduced in [17] to ena
hyper-parameters updating during incremental learnirgt
sions.

bleeave-one-out estimation for discarding sampB&e:
5eOne training set, i.e. no chunks. HS: Yes, through
gradient-based search. / One database is used (PJMA
from UCI), no performance results were reported.

[124]

MSS

The idea is to reduce SVM training time by filtering a lar
training dataset and training a SVM only from filtered sarapl
In order to achieve this, the authors use a clustering akgori

jeThere are extra parameters for the clustering algorithm
e and a linear SVM is used (i.e. no kernel parameters, Just
linear decision function) DFe: Chunks HS: No.

[101]

MSS

The authors propose a modification to adapt the SMO al
rithm for online learning.

gd~he approach has serious limitations, since it works only
for binary features and linear SVMs. Besides, often
with little degradations of performance can be observed.
DFe: Chunks. HS: No.

(1]

MSS

It pre-extracts support vectors candidates from new date-tg
duce computational training time. The pre-extraction iselg
based on arelative distance between samples to optimat-hy
plane and a correctness rate of test over all previous data.

Relative distance, multiple incremental sessions for ¢ne
chunk. /DFe: Chunks. HS: No.

pe

[91]

MSS

Like in [108], the previous SVs replaces all historical séasp
in the retraining process. In contrast, new chunks are réiite
and only some samples are considered for training. The im
tance of a sample is measured w.r.t. an adaptive distanbe t
hyperplane.

No mention on how to implement, set, or measure such a

distance adaptively. Some experiments with user grgph-
pdcs. DFe: Chunks. HS: No.
Dt

[103]

PKC

As in [17], this method also works based on updates at thé |
of samples coefficients.

pV/hile updating hyper-parameters, previous data must be
used. DFe: One training set, i.e. no chunksHS: Yes,
gradient-based search.




31

The term “incremental” is used to describe the process ddibgi models incrementally based
on recursive procedures (training and testing) appliedgelection of samples from different
subsets and the large original training set. Their goal getwerate a final model more quickly
than by solving a larger quadratic optimization problenmsdilit is important to note that SVM
hyperparameters are usually set beforehand, without usorg sophisticated methods, such

as evolutionary computation, for example.

In addition, the termexactor approximateSVM usually appear in the literature in connection
with ISVM methods. These terms are specifically related oresolution of the quadratic
problem for building the final SVM classifier. If, for exampline final SVM solutions are
found using all the training samples during the resolutibthe quadratic optimization prob-
lem, the SVM is described as exact. The chunking decompasitiethod and SMO are exam-

ples of other methods that provide an exact solution.

By contrast, when the algorithm considers finding the SVMisoh by employing one sample
at a time (single pass), it is called an approximate ISVMsTikibecause they do not check
other samples, and so the final solution is not optimal. Takinis into account, we suggest
in our proposed method a modified version of Syed et al.'s aefi08, 109], which we

will introduce in section 5.1.2.1. In addition, the SVM inephentation used in this thesis
already provides mechanisms to accelerate SVM trainingutiit SMO. Such a technique is
very efficient and demands less computational effort thaditional quadratic programming

solvers, as shown in [92].

2.7 Discussion

This chapter surveyed the main approaches for developirapamésms to learn from impre-
cise environments. From this literature review, we notettiformer methods were proposed
based on the instance selection and weighting approachescént years, though, more so-
phisticated methods have been developed using incremdassiifier and ensemble learning
approaches. Furthermore, when dealing with real-drifnades, most works use only lin-

early separable synthetic classification problems (e.d\ &icepts, rotating hyperplane, etc.)
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[68, 119, 120]. By contrast, population drifts have beeligtiin more realistic scenarios, i.e.
with real-world data [26, 112, 88].

Most importantly, we have seen that the main incrementahieg approaches introduced in
the literature are based on different techniques: (1) simgiremental learning classifiers; or
(2) ensemble of classifiers. We have noted that some authuesduapted traditional machine
learning algorithms when using single classifiers, e.g. [0$ and SVMs [109], to support

incremental learning. In the former approach, the methqutate a learner from blocks of
data, while the second approach usually uses the serialinatian of several individual clas-

sifiers. In this thesis, in order to make our system more rioéd capable of achieving high
performances, we adopt an ensemble of incremental leamarparallel structure that com-
bines optimized members over time. Our system also emph@ysdncept of relevant samples,

inspired by the idea underlying the instance selectioncaagr.

In addition, the choice of a base learner for a classificagymtem is very important. Through
this literature review, for example, it can be seen thatséwecremental versions of classical
classifiers have been implemented. So, in order to selectdfgpclassifier, characteristics
such as power of generalization, computational compleaitg storage space required by the
learner must be analyzed. LVQ and Nearest Neighbors maydilg eeployed as incremental
algorithms for this purpose. However, they demand a grealtafestorage space if problems
with large databases are considered. The Naive Bayesf®assivery suitable for updating
an existing classifier as it learns quickly, but it usuallpguces more generalization errors.
By contrast, although the SVM classifier is relatively momnputationally complex, it is
asymptotically much better than the Naive Bayes and otlassdiers. As for neural networks
with incremental capabilities, they often have severahpuaters to fit and are very sensitive
to the order in which examples are presented. For thesengaae have selected the SVM

classifier as part of the core of the system proposed in tesgh

From our literature review, it can also be noted that, no enathat the incremental learning

approach, no consideration has been given to tuning theraysarameters over time. In other
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words, system updating is always performed based on the faetkparameter values, or

at the classifier combination levels in the ensemble appexac Thus, updating classifiers
with the adaptation of their parameters has not yet beersiigated. Moreover, recent results
indicate that using well-tuned incremental learners cagliieve better performances than just

moderate ones [88].

We can see from the above that the incremental updating sfiegiclassifiers without com-
promising their performances remains a major challengas iBhbecause it can be affected
by possible variations in a problem’s data distributions. (population drifts), which disturb
the process of selection of system parameters, and henestth@tion of decision boundaries
at different times. This occurs mainly when classificatioolgbems involve complex decision

boundaries or overlapping between classes.

In order to overcome this challenge, an incremental legraystem must be able to accommo-
date new data at no detriment to knowledge already learrgdd@t it must also better adapt its
parameters. The approach we propose for adaptive incrahteatning takes this into account
by regarding incremental learning as a dynamic optimirgpi@cess. In particular, it employs
knowledge acquired from previous optimization processafetrease the computational cost

of frequent reoptimization.

From an optimization point of view, our assumption is tha& tlatural data changes mentioned
above are sources of uncertainty reflected in dynamic clsatogihe parameter search space.
Such uncertainties become even more intense when the deambtimum parameter values
must be performed over time. In the literature, dynamicrofation problems are categorized
into three types: (1) the location of the optimum changes ¢imee and the amount of shift is
guantified by a severity parameter; (1) the location remadixed, but the value of the objective
function changes; and (Ill) both the location and the valbange [83]. In this thesis, we
demonstrate empirically that the reoptimization of clxsss over time can be seen as a type

[l problem.
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Moreover, from the analysis of SVM ensembles presentedlfi][Which shows that the per-
formances of a single SVM classifier can be improved over lstiagéhsets by combining "het-
erogeneous” SVMs in terms of parameters, the proposedagpi®implemented for evolving
and combining a population of optimum solutions. Likewise, explore the use of multiple

classifiers to try to achieve better performances than walingle incremental learner.

However, instead of picking up parameter values from artrayigrid of options, as in [116],
the proposed method explores the self-organization pofiteeswarm intelligence theory and
dynamic optimization techniques. In this way, the propasgproach is able to dynamically
move a population of solutions towards optimum regions énsystem parameter search space.
Finally, the aim is to combine an optimized population of biypeses that are well placed over
the search space and that can even be multimodal, and so @ecomare robust system than
when only single models are used. In the next section, wednte the first steps in the
development of the system, which are to study the SVM modetsen problem performed

over time as a dynamic optimization problem, and to propasauwion to it.



CHAPTER 3

A PSO-BASED FRAMEWORK FOR THE DYNAMIC SVM MODEL SELECTION
(DMS)

In the previous chapter we outlined that the Support Vectachinhe (SVM) is a very powerful
classifier. However, we also mentioned that its efficiencyiactice relies on the optimal
selection of hyper-parameters. The search process fanaptialues for its hyper-parameters

is the so-called SVM model selection problem.

In this chapter we propose a strategy to select optimal SVMetsin a dynamic fashion in
order to address this problem when knowledge about the @mmient is updated with new
observations and previously parameterized models neeel te-bvaluated, and in some cases
discarded in favor of revised models. This strategy consihe power of swarm intelligence
theory with the conventional grid search method in ordertgpessively identify and sort out

potential solutions using dynamically updated trainintpdats.

Despite of some search methods have practical implemensate.g. gradient descent, they
usually are limited by difficulties related to the model séilen process. For example, the
gradient descent methods require a differentiable objdtinction with respect to the hyper-
parameters and the kernel. In this case, the kernel is aigoreel to be differentiable. Like-

wise, multiple local minima in objective functions also repent a hard challenge for gradient
descent based methods. To tackle this, the use of gridksaartevolutionary techniques are
interesting alternatives. However, the grid-search nektieeds a good discretization of the
search space in fixed values, which is crucial to reach higlopeances. Thus, the determi-
nation of objective function to be employed, the presendeaal minima in the search space,
and the computational time required for model selectiok tes/e been considered the main

challenges in the field.

Additionally to these difficulties, the availability of uptes on the knowledge related to the

pattern recognition problem to be solved represents aeriggdl too. These updates typically
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take the form of data arriving in batches which become abhilfor updating the classification
system. In fact, the quality and dynamics of training dataaféect the general model selection
process in different ways. For example, if knowledge on tloblem is limited, or the data are
noisy or are arriving in batches over time, the model sedectask and its performance can
progressively degrade. In order to avoid the negative effeCuncertainties associated with
either the training data or the updates, we believe that f&ciegit option is to allow on-line

re-estimation of the current model’s fithess and if requiedllow the production of a new

classification model more suitable to both historical and data.

This is important issue because, if the goal is to obtain #pming single classifier, the
model selection process must be able to select dynamigatiljal hyper-parameters and train
new models from new samples added to existing batches. drchapter, we first study the
general SVM model selection task as a dynamic optimizatiolpm in a gradual learning
context, where solution revisions are required online thegiimprove existing models or re-
adapted hyper-parameters to train new classifiers fronnimog data. These considerations
are especially pertinent in applications for which the asitjon of labeled data is expensive,
e.g. cancer diagnosis, signature verification, etc., irctvbase the data available may initially

not be available in sufficient quantity to perform an effitierodel selection.

However, more data may become available over time, and nadelsoan gradually be gener-
ated to improve performance. In contrast, as previouslytimead, not only is the optimality
of the models estimated a relevant factor, but also the ctatipnal time spent to search for
their parameter values. Most of related work in the literatiias considered cases involving
only a fixed amount of data in systems aimed at producing desimgst solution. In these
approaches whenever the training set is updated with manplsa, the entire search process

must be restarted from scratch.

The proposed method is a Particle Swarm Optimization (P%G¢d framework to select op-
timal models in a dynamic fashion over incoming data. Theeganconcept underlying this

approach is to treat the SVM model selection process as andgnaptimization problem,
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which can have multiple solutions, since its optimal hyparameter values can shift or not
over the search space depending on the data available otais#fication problem at a given
instant. This means that the proposed method can also bel fzefeal-world applications
requiring the generation of new classifiers dynamically sedal way, e.g. those involving
streaming data. The key idea is to obtain solutions dyndiyioger training datasets via three
levels: re-evaluations of previous solutions, dynamidcroation processes, or even by keep-
ing the previous best solution found so far. In this way, biftisiy among these three levels,
the method is able to provide systematically adapted swisti We implement the proposed
method based on three main principles: change detecti@pted grid-search, and swarm
intelligence theory (for self-organization capabilityhere the goal is to solve the model se-
lection by overcoming the constraints of the methods deedrabove. In addition, we try to

answer the following questions:

° Is PSO really efficient to select optimal SVM models?

° Can the proposed method be more efficient than the traditipitasearch or even a PSO

based strategy?

. Is it possible to obtain satisfactory results by spendisg lsomputational time than is

required for the application of PSO for each set of data?

° What is the impact in terms of classification errors, modehplexities, and computa-

tional time for the most promising strategies?

This chapter is organized as follows. In section 3.1 we erjilee relation between the model
selection problem and dynamic optimization problems. Qoppsed method is introduced
in section 3.2. Finally, the experimental protocol and ltssare described in section 3.3.

Discussions and conclusions are presented in section 3.4.
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3.1 SVM Model Selection as a Dynamic Optimization Problem

In order to generate high performing SVM classifiers capatbldealing with continuously
updated training data an efficient model selection methoehsired. The model selection task

can be divided into two main phases: the searching phasenariohal training/test phase.

The searching phase involves solving an optimization mblvhose goal is to find optimal
values for the SVM hyper-parameters considered in thismp@peand-y) with respect to some
preference, or selection criterion. In our case this ddteis expressed as an objective function
F evaluated over a training dataget in terms of the cross-validation errar So, our model
parameter selection problem takes the following faerin (¢((C, v), D)), or for simplification
purposes herepin(e(s, D)). The final training/test phase in concerned with the prado@nd
evaluation on a test set of the final SVM model created basateoaptimal hyper-parameter
set found so far in the searching phase. On the other hanfin#héraining and test phase con-
cerns the production and evaluation of the final SVM motiekreated based on the optimal
hyper-parameter set found so far in the searching phasehém words, the common process

related to these two phases can be summarized in five steps:

a. Collect training data;

b.  Start the search for solutions;

C. Find the hyper-parameters that perform best;

d. Train the final model with the best hyper-parameters;

e.  Assess the performance of the final model using the test set

In Table 3.1 we summarize examples of SVM model selectiormaott found in the literature
organized according to the type of kernel, search methadbkphjective functions employed.
We note that the RBF kernel has been investigated the masiape due to the fact that the

kernel matrix using sigmoid function may not be positive wedi. Besides, even though the
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polynomial kernel may be an attractive alternative, but atoal difficulties tend to arise if a

high degree is used, for example, a power of some minor vhahtelttends to 0 and of a major
one that tends to infinity. Furthermore, the RBF kernel htsnofchieved a superior power of
generalization with lower complexity than the polynomiaktkel [115]. Because of this, the

RBF kernel is considered in this study.

Table 3.1 Compilation of some related works on SVM model
hyper-parameters selection in terms of the type of kernel usd, the search
method, and the objective function

Ref. Kernel' | Search method Objective function

[35] RBF Grid-search (GS) v-Cross-validation

[20] RBF Gradient descent (GD) Radius-margin, Span
bounds, Leave-one-out

[18, 47] RBF Grid-search (GS) v-Cross-validation errof
(CV)

[22] RBF Genetic algorithm (GA) | Radius-margin bound

[25] RBF Genetic algorithm (GA) | v-Cross-validation errof
(CV)

[3] RBF Gradient descent (GD) Hold out error, radiusi

margin, Generalized Ap
proximate CV error (GACV)

[32] RBF Gradient descent (GD) Leave-one-out (LOO), span
bound
[116] RBF,POL | Grid-search (GS) v-Cross-validation
[103] POL Gradient descent (GD) Generalization error estima-
tion bound
[107] RBF Multi-objective GA | Modified radius-margir
(MOGA) bounds
[29] RBF Particle Swarm Optimizat Hold out errora-estimator
tion (PSO), Grid-search
(GS)
[49] RBF Uniform design (UD),| v-Cross-validation
Grid-search (GS)
[52] RBF Particle swarm optimizat False Acceptance (FA)
tion (PSO)

8RBF: Radial Basis Function kernel whose hyper-parameter, iBOL: Polynomial kernel which hyper-
parameters are the degreend coefficient. Kernel hyper-parameters and the regularization paraniéere
optimized simultaneously.
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Most of effort associated with the approaches listed in @&l concentrated on solving the
complex SVM model selection problem from one static tragrilataset available at tinke In
this case, it should be convenient to use perfect, i.e. ffoese data and in a fair amount in

order to reach high performances.

By contrast, data from real-world applications are usutdlyfrom perfect, which gives the
model selection process itself the potential for many tygfesncertainty. In general, uncer-
tainty is a multifaceted concept which usually involves waigess, incompleteness, missing
values, or inconsistency. Here, we assert that some uirdeztarelated to the machine learn-
ing area, such as missing features, random noise, or dat#figrency, generate uncertainties
that can disturb the optimization process responsible fmidehselection. This is because un-
certainties may produce some dynamism in the objectivetimmcand so it is important to

understand SVM model selection as a dynamic optimizatioblpm.

Dynamic optimization problems are complex in which the wyati solution can change over-
time in different ways [53]. The changes can result fromatsons in the objective function,
which implies in fithess dynamism. Figure 3.1 depicts a cphgd example of fitness dy-
namism, and its consequences, and shows why dynamic optionizechniques are claimed.
One can see that in a first momehj,(the optimization process approximates some solutions

for a parametey.

Then, due to some unexpected change related to the optiomzask, e.g. new data, noise,
etc., the objective function changes, and the solutionsiemutdated and trapped into a local
minimum in the future (e.g. ik + 1). This requires that the optimization algorithm be capable
of re-adapting the solutions to new functions. By way ofsthation, we depict in Figure 3.2
an overview of the SVM model selection task seen as an oiioiz process and the possible

uncertainties involved.
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Figure 3.2 Overview of the SVM model selection task seen as an
optimization process and the possible uncertainties invekd.
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To demonstrate this fact, we depict a case study in Figureegdrding thenin(e(s, D(k)))
mentioned above for a two-class (I and 1) classificatiorbpem called P2, which is depicted
in Figure 3.3. More details about the construction of thistegtic classification problem can

be found in the appendix |.

Figure 3.3 lllustration of the P2 classification problem.

So first, in Figure 3.4(a) we can see an SVM hyper-paramegecisepace and optimal solu-
tions obtained with a certain number of data samples fronassdication problem. Then, the
entire search space was recomputed with the same objaatigedn (five-fold cross-validation

average error), but this time from more data.

The resulting search space is shown in Figure 3.4(b). It eaaebn that the search space and the
optimal solutions may actually change depending on the atafiknowledge available about
the problem. This applies to both objective function vajiggsce the new objective values of
previous optimal solutions* have worsened from = 10% (e.g. s; ands3) or improved (to

s9, for example), once a new optimal solution emerged, that,is,(6.93,6.23). Through this
example, it is easy to see that the search space and optimgd ptay change in terms of both

fitness values and positions.
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Figure 3.4 Hyper-parameter search space for P2 problem witldifferent
number of samples.

In order to show the effect that these hyperparameters esamgduce in obtaining a final
SVM model, we depict in Figure 3.5, for this same exampleiripat spaces and the respective
decision boundaries produced by SVM models trained witfegiht hyperparameters values

and number of samples.
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From these results, we can see that despite aflequately separates the classes given a certain
knowledge about the problem (Figure 3.5(a)), itis not céabproducing the same satisfatory
results (Figure 3.5(b)) that a new best evaluated solutiens() can achieve (Figure 3.5(c)) if

more samples are considered.
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the same optimum solutions, for 40 samples, but now training over 922

samples. (c) Final result achieved for the best solutiosy regarding 922

samples.
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Moreover, regarding the real-world situations addressehis paper, the model selection pro-
cess must also be designed to perform over time, i.e. for rdatasets or incoming data. This
is another reason why the SVM model selection problem caeé&eas a dynamic optimization
problem, in which solutions (i.e. hyper-parameters) mesthecked and selected over time,
since optimal hyper-parameter values can change dyndyniedending on the incoming data

at different times:.

Thus, in addition to the approaches mentioned above whighamly partially solve the prob-
lem and in order to attend to real-world applications needgecially for updating and/or gen-
erating new models, this problem claims for more sophistttanethods capable of adapting
new solutions and saving computational time, rather theaxample, starting seach processes

from scratch every time.

3.2 The Proposed Dynamic SVM Model Selection Method (DMS)

The goal of the proposed method is to point out dynamicaltyinagm solutions for sequences
of dataset® (k) by switching among three levels: 1) use the best solutioh — 1) found so
far, 2) search for a new solution over an adapted grid contpoka set of solution§ (k — 1),

or 3) start a dynamic optimization process. In this thesishesolutiors will represent a PSO
particle, which codifies an SVM hyper-parameter set, €@.y). The switching among the
levels is governed by change detection mechanisms whichtongrovelties in the objective
function . Such changes correspond to degradation of performanagiorprovement at all

(stability) with respect to new data, which will indicate @ther or not the system must act.

An overview of the general concept proposed is depicted gurei 3.6. First, a population
of solutions (swarmy5(0) is initialized by theoptimization algorithmto search for solutions
for the datase®(1), after which the optimization process finishes and, a setptiized
solutionsS(1) is stored for future use. Based on fitness re-estimation @srding to some
other criterion related to the problem, the current stafitb® best solution (dark circle) will
be examined on new data. Following the example, we suppesélté fitness re-estimated

from the previous best solutiasi(1) for the dataseD(2) is still satisfactory, and apply the
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same solution to train a new classifier. However, more datdeaavailable and the goodness
of the best solutios* (1) may no longer be guaranteed, e.g. between dat@ggisandD(4).
To solve this, we suggest performing a fine search over thef sgtimized solutionss(1). We
call this process aadapted grid-searchsince it applies solutions already optimized, which
are probably located over a good deal of the search spaceramdt guessed values as occurs

in the traditional grid-search.

The advantage is that, in the most of the time, the adaptdesgarch can indeed gain in perfor-
mance if compared with traditional grid methods and alse sawnputational time if compared
with full optimization processes. On the other hand, whes ot possible to identify a sat-
isfactory solution even after an adapted grid search, th@adestarts a dynamic optimization
process, as denoted for the dateBéT). As a result, a new population of solutions, surely
better adapted to the problem, will be available for thereitWe introduce the framework of

the proposed method below.

N

Obj. Function

DPSO DPSO
23 45 6 7 8 9 10pataset<D(-)
-
Best kept Adapted Grid—Search

[y

Figure 3.6 Overview of the proposed model selection stratggconceptual
idea). Optimum solutions for a current datasetD(k) are pointed out by
switching among three search strategies: 1) use the best stbn s*(k — 1)
found so far, 2) search for a new solution over an adapted gricomposed of
a set of solutionsS(k — 1), or 3) start a dynamic optimization process. The
symbols represent different solutions from a swarm. The bdssolution
selected for a dataset lies above the dashed line. The whiteates in S(0)
denote randomly initialized solutions. Dark and white symtwls indicate
solutions from different swarms.
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3.2.1 Framework for the Dynamic Selection of SVM models

As we mentioned previously, the ideal method of creatiomo®¥M classifier is composed of
two phases: model selection and training/test phases. ésfresponsible for searching for
the best SVM hyper-parameters and the second phase usessthg/per-parameters found to

train and test a final SVM modéel1.

In this work, based on the conceptual idea depicted in Fi@useand also by concepts of
dynamic optimization problems introduced in section 3.&, pvopose a framework for the

dynamic selection of SVM models over time.

In particular, our general framework for the dynamic setecof SVM models is composed of
three main modules: change detection, adapted grid-seardrdynamic particle swarm opti-
mization (DPSO). Figure 3.7 depicts its general idea. Intamd we summarize its working

in Algorithm 1.

Details on each one of these modules are described in theseetbns. Theipgrade_stnand
recall_stmfunctions are respectively responsible for storing andehg optimized solutions
from the system’Short Term Memor{STM).

e recall_stm((s*(k — 1), S(k — 1)) ———
e it e L L L L L e L L L L L L L : Test set
3 Change no upgrade_stm(s*(k — 1)) 3 g

i L Detection (1) i
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Figure 3.7 General framework for the dynamic SVM model seletion.
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Algorithm 1 Dynamic SVM Model Selection

Input: A training set of dat& (k).
Output: Optimized SVM classifier.
recall_stm¢*(k — 1),S(k — 1))
if thereis aS(k — 1) then
Check the preceding best solutigt{k — 1) regarding the datas@(k)
if Change_Detectior((k — 1),D(k)) then
Activate the adapted grid-search module and get solstidn
if Change_Detectior((k),D(k)) then
Activate the DPSO module
end if
end if
. else
Activate the DPSO module
. end if
. upgrade_stns((-),S(+))
: Train the final SVM classifier fror® (k) by using the optimum solution found so far.

=

XN aR DN

el e i e el
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3.2.1.1 Change Detection Module

The change detection module controls the intensity of theckeprocess by pointing out how
the solutions are found thereby the levels of the framewbrlparticular, it is responsible for
simultaneously monitoring the quality of the model sel@tfprocess and avoiding “unneces-

sary" searching processes.

We implement it by monitoring differences in the objectivaétion values, in this case error
estimations: obtained for a best solutiast on the dataset®(k — 1) andD(k), for example.
We denote this fact ags*, D(k — 1)) ande(s*, D(k)), respectively. If the solution found is
not to be satisfactory for the process, then a further s@agdbvel is activated. The adequacy
of a solution can be measured in several ways. In this workyeaare interested in finding
performing solutions, we consider that further searchesnaeded if the objective function

value computed does not lie in a “stable" region.

The stable region is computed through the maximum expedfetahce),,., between the
objective function values at the 90% confidence level usimgnal approximation to the

binomial distribution (see Equations 3.1 and 3.2) [26].His setting, if there is a degradation
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of performanced(s*, D(k—1)) < e(s*, D(k))) or significant variation in the objective function
(i.e. | e(s*,D(k — 1)) — €(s*, D(k)) |> dmaz), then other levels are activated for additional

searches.

Figure 3.8 depicts an illustration of tldg,,, stable region idea. In order to make this criterion
more robust when small datasets are used, we combine it witleaelated to the compres-
sion capability of the classifier. The compression cap@gtsicalculated as the proportion of
support vectors over the number of training samples. 1¥the rule and a minimal compres-
sion required are attained, the situation is characterzestable and no further searches are

computed. Otherwise, the model selection process corgtinyi@activating the other modules.

5max = 209 X\/E = 1.282 X\/E (31)

Whereo is computed by, wher@/(-) is the dataset size:

(5" D(E—1)) x (1—e(s", D(k— 1)) e(s*.D(k)) x (1 — e(s*, D(K)))
7= WDk~ 1)) * WD) (3:2)

So, the change detection module may sometimes denote aaffacantroller between com-
putational time spent and the quality of solutions. Foranse, if we ignore this module, then
dynamic re-optimization processes will be always condljoténich can produce indeed good

results but to be unnecessarily time consuming for staldesca

3.2.1.2 Adapted Grid-Search

The adapted grid search module provides optimum solutigre{evaluating the knowledge
acquired from previous optimizations performed by the DR8@lJule. This knowledge is
represented by a s&(k — 1) of optimized solutions which are stored in tigort term memory

(STM). Usually, this method finds better solutions than thditional grid-search method.

Unlike the traditional grid-method, which depends on theedktization of values and requires

the evaluation of several combinations (see Figure 3.9foihyper-parameterg(andvy)), the
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> X
Region

Previous fithess

Parametery

Figure 3.8 lllustration of the change detection mechanismiln this case, as
the new fitness is situated outside the expected region, a n@ptimization is
carried out in order to find a new better solution.

adapted grid-search module reduces the number of trialedusing the search in an optimal

region. As a result, this module can save a considerable gtatipnal time.

Basically, this module uses the best positions of precedptgnized solutions as a grid of
new possible candidate solutions to be evaluated over threrdwdataD (k). At the end of

the process, the best candidate is selected. Although weegrtips implementation, we can
suggest other modifications, such as moving the particlesing a complete iteration of PSO,
for example. Such a process seems interesting, but cosesimiarms of processing time than

simply re-evaluating the best particles’ positions, whitinost of cases may be enough.

Nevertheless, it is important to note that the module’sitesare related to the quality of the
previous optimizations. Therefore, it is efficient when tugrent population of solutions is
positioned on optimal regions. Otherwise, it may produdeptimum solutions that will be
not satisfactory for final learning purposes. In light ofsthive apply the change detection a
second time in order to ensure the quality of the solutiomioled at the end of this process,
as indicated in the framework in Figure 3.7. If the currenuson is still not considered

satisfactory, the dynamic optimization module is actidate
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O Evaluated solutions

Figure 3.9 The traditional grid must try a higher number of combinations
than the adapted grid, which profits from the already optimized solutions
S(k) provided by DPSO.s*(k) denotes the best solution.

3.2.1.3 Dynamic Particle Swarm Optimization - DPSO

The DPSO module is responsible for finding new solutions bamseof re-optimization pro-
cesses. We implement it based on the Particle Swarm Optionizge SO) algorithm combined

with dynamic optimization techniques.

The Particle Swarm Optimization (PSO) method was firstlyodticed by Kennedy and Eber-
hart in 1995 [59]. Briefly, itis a population-based optintina technique inspired by the social
behavior of flocks of birds or schools of fishes. It is appliedhis work because it has many
advantages that make it very interesting when compared atitar population-based opti-
mization techniques, e.g. genetic algorithms (GA). Fotanse, PSO belongs to the class of
evolutionary algorithms that does not use the “survivaheffittest” concept. It does not utilize
a direct selection function, and so, particles with lowerggts can survive during the optimiza-
tion and potentially visit any point in the search spacettarmore, the population size usually
employed in PSO gives it another advantage over GA, sinckower population size in PSO
favors this algorithm regarding the computational timet ¢astor [60]. Nonetheless, two main
additional characteristics give us further motivation dising it. First, PSO has a continuous

codification, which makes it ideal for the search of optimeMshyper-parameters. Second,
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the potential for adaptive control and flexibility (e.g. fsetganization and division of labor)
provided by the swarm intelligence makes PSO very intergsh be explored for solving

dynamic optimization problems.

In this section, we simplify the index notation (e.g. for &rar datasets) and use only those
needed to understand the PSO technique well. In partidhlarstandard PSO involves a set
S = {s;,8;, s}, 1 of particles that fly in the search space looking for an optipeént in a
given d-dimensional solution space. The= (s}, s?,...,s¢) which is a vector that contains
the set of values of the current hypothesis. It represeetsiirent location of the particle in
the solution space, where the number of dimensions is probdiependent. The vectey =
(51, 82,..., %) which stores the velocities for each dimension of the vestolhe velocities
are responsible for changing the direction of the partithe vectors] = (s}, s?, ..., s/d)is a
copy of the vectos; which produced the particle’s individual best fithess. Thgges; ands;
represent the particles’ memories. Regarding the modetseh problem, the vector positions

s; encode the SVM hyper-parameter set to be optimizedaddnotes the best solution found.

PSO starts the search process by initializing the partiplesitions randomly over the search
space. Then, it searches for optimal solutions iteratibglyupdating them to fly through a
multidimensional search space by following the currentropin particles. The direction of
the particle’s movement is governed by the velocity veéfpwhich is denoted by the sum of
the information from the best particle’s informant foundtineighborhood (i.es/,.,; ,,(4),

where) is the number of neighbors which communicate with partictkeii) and the particle’s

own experience,. For a new iteratiop+1 and dimensiod, the update is computed as follows:

${(q +1) = x(57(q) + or1(si(a) — {(a)) + dra(sieyin (@) — 5{(a))) (3.3)

where y is the constriction coefficient introduced by Clerc [24]dan andr, are random

values. Constriction coefficient values pf= 0.7298 and¢ = 2.05 are recommended [60].

IWe use this functional notation for sake of generality. Thaiealent to traditional PSO would be§ =
{xia Vi, Pi}f‘il
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Eventually the trajectory of a particle is updated by the safnits updated velocity vector
$:(g+1) toits current position vecta; (¢) to obtain a new location, as depicted in Equation 3.4.
Figure 3.10 depicts an illustration of particle’s trajeagtduring position updating. Therefore,
each velocity dimensiok¢ is updated in order to guide the particles’ positiafigo search
across the most promising areas of the search space. Inithigd2 we summarize the standard
PSO method.

si(q+1) = s{(q) + 5{(¢ +1) (3.4)

si(q)

individual best

current

position particle’s
8% ? IC
(Q) ?4 ¢ position
! :
|
-
S"rlet(i,)\) (Q)\\ :
globalor | 34(q)
local best | Yy current
B - —(- -- ‘)’ ~~  velocity
siq + 1)_ ] new velocity
new particle’s
position

Figure 3.10 Example of a patrticle’s trajectory during position updating.

Algorithm 2 Standard PSO Algorithm

1. Input: PSO parameters.

2: Output: Optimized solutions.

3: Randomly initialize the particles

4: q «— 0;

5: repeat

6. for all particlesi such thatl <i < P do

7: Compute fitness value for the current positip(y)

8: Updates.(q) if positions;(q) is better §,(q) < si(q))
9: end for
10:  Select the best fitnes§(q)
11:  for all particlesi such thatt < < P do
12: Update velocitys;(¢) (Equation 3.3) and current positiaf(¢) (Equation 3.4)
13:  end for
14: qg=q+1

15: until maximum iterations or another stop criteria be attained
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In the canonical PSO formulation, an entire swarm is comsil@s a single neighborhood
where particles share the best information discovered yna@mber of the swarm, the so-
calledgbesttopology. The main disadvantage is that it forces the dagitowards a single
best solution, which causes the swarm to lose the abilitxpdoee the search space in parallel
more locally. Moreover, it has a premature convergenceeeeyd [60]. Because of this, we
implement this module based on PSO with a more sophistidafsalogy called local best
(Ibes) [60]. This topology creates a neighborhood for each imtliai containing itself and its

A nearest neighbors in the swarm.

The neighborhoods can overlap and every particle can be tipteuneighborhoods. As a re-
sult, it allows interactions among the neighborhoods amhtally more series of events may
be discovered. With this characteristic, this module isatédg of exploring multiple regions in
parallel and therefore fits better for functions with poksiultiple local optima. Such a par-
allelism allows distant neighborhoods to be explored modependently, which is important
for multi-modal problems. Moreover, the particles are pthin potentially more promising
regions, which can allow faster recovery from variationsugen searching processes and also

allow them to be used by the adapted grid search module.

Nevertheless, even though PSO is a powerful optimizatiahaoak if the optimization problem
suffers some change in the objective function, for examete/ben blocks of data, the particles
can get stuck in local minima (see Figure 3.4). To avoid thisalternative should be to start
a full PSO optimization process from scratch each time tiahtodule is activated. However,
it would be very time consuming and even at times unnecesitrg changes occur around
the preceding optimum region. Taking this into account, watbée the module to restart opti-
mization processes from preceding results in order to sawgatational time. To implement
this mechanism, we combine two dynamic optimization teghes: re-randomization and re-
evaluation of solutions, and apply them into our PSO baseduheo In fact, both techniques
were already applied in the PSO literature [12, 48] to solyeadhic optimization problems,
but separately and using tigeesttopology.
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In particular, these PSO variants are commonly called DES@&mic PSO), so for the sake of
simplicity, we name this module as DPSO to refer such a coatioin of approaches. Neverthe-
less, it is important to distinguish that existing dynam®&0Palgorithms apply such techniques
and change detection mechanisms in each iteration, siegestippose that objective function
changes can happen during the optimization. In here, agptimiaation over a datas@ (k) at

a given instant is indeed static, we apply these dynamic techniques to pre¢pa optimiza-
tion module for transitions from preceding optimizatiomowledge to launch new ones. As a
result, we take advantage of these techniques to providedity in the solutions and clues on
optimal starting points before the optimization. Thus jkenhctual dynamic PSO versions, no
extra computational effort is added at each iteration. dhtliof this, in Figure 3.7 and in the
rest of this paper, our DPSO module represents the applicafithese dynamic techniques to

cooperate with the optimization algorithm, but not in itgemor in each iteration.

The focus now shifts to the whole implementation, which Iwes two main steps related
to the way that the optimization process restarts. The majossare listed in Algorithm 3.
First of all, once the DPSO module is activated, which usésrimation from the system’s
memory (STM) as well, every fitness is updated from the rduateon of the current position
s; and best positios; of each particles; in the swarmS(k) (steps: 3 to 6). This is done to
prevent the particle’s memory from becoming obsolete [1B]fact, the fitness of the best
positionsp; can be profited from the preceding level (adapted grid-$¢avehat dispenses a
second evaluation. Thereafter, a re-optimization prosdssinched by keeping’ of the best
particles positions from the swar&{k — 1), which was computed in the previous optimization,
and by randomly creating new patrticles over the search gg&}e Some of these particles
located near to the previous optimum region. In this manmerguarantee that fine searches
are realized based on previous information, which can aaegée quickly to new data than
full optimization processes (steps 7 and 8). At the same,timeeadd more diversity to the
algorithm for searching new solutions, which enable us tadhsituations in which the whole
swarm has already converged to a specific area. Finallys $tép 23 correspond to the main

steps of the PSO implementation, but are slightly modifiedding a mechanism that updates
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the connections among the particles, if no improvement geoled between iterations (steps
19 to 21). These latter steps were suggested as an altermgtiClerc [23] to improve the

adaptability, and hence the performance, of the swarm.

Algorithm 3 Our implementation of Dynamic PSO

1: Input: PSO parameters and previous swaf(h — 1).
2: Output: Optimized solutions.

3: for all particles: from S(k — 1) such thatt <i < P do
4:  Compute fitness values fey usingD(k)

5. Updates; if s; is better §, < s;)
6

7

. end for
. Initialize dynamically the new swari&(k) by keepingp% of the best information (posi-
tionss,) from the preceding swari®(k — 1) and by creating new particles.
8: Initialize the links among the particles based on a neamghiborhood rule according to
the topology chosen.

9: q +— 0;

10: repeat

11:  for all particlesi such thatt <: < P do

12: Compute fitness value for the current positify)
13: Updates.(q) if positions;(q) is better §,(q) < s;(q))
14:  end for

15:  Select the best fithess of this iteratigri.e. s(q)
16:  for all particlesi such thatt <: < P do

17: Update velocity; (¢) (Equation 3.3) and current positief(¢) (Equation 3.4)

18:  end for

19: if F(s*(q)) = F(s*(¢ — 1)) {No improvement. Change particle communication struc-
ture} then

20: Randomly change the particles’ links based on the topolbggen.

21:  endif

222 qg=q+1

23: until maximum iterations or other stop criteria be attained

So, through the use of these modules, the proposed metlavdsale searching process to
evolve and adapt itself dynamically. Even though this franordé has unique features, there is
still room for authors to investigate new strategies foratiapted grid search module, detection

mechanisms, and even strategies to re-optimize solutions.

In order to clarify the whole concept, we illustrate the preed method in a case study in

Figure 3.11. This case study represents an empirical refer® the general concept illustrated
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in Figure 3.6. In particular, it depicts overviews of seanghprocesses carried out by the
proposed method and full optimization processes over catimalsequences of data increased
logarithmically from the Satimage database. Based on ttessdts, it is shown in Figure 3.11
(a) that the proposed method can achieve similar resultoietobtained by full optimization
processes with PSO (Full PSO), but more quickly and in feteeations iterations if the whole

sequence is considered.

Exploring this case study further, we compile a list of atité performed by the proposed
method during the searching processes and their effecesnmstof the generalization error
on a test set, as shown in Figure 3.11 (b). It is easy to seehwhadule of the framework
was responsible for selecting the final solution. In additiove list the results of searching
processes between the datage(s, 13) in a table in order to provide more details. Basically,
the results in the table include the use of the optimized swW&(6), resulting from a DPSO
execution, as a pool of hypotheses for additional datag#isie a particle; is selected as the
best one, according to some criteria and via: keeping thes gaevious best (BK), adapted

grid (AG), or DPSO processes.

Some of the main results are depicted in the table in Figdre @), where we have selected the
ten most performing particles and presented their bestiposiin a logarithmic scale. Then,
for each set, we indicate the solution pointed out by the ptethy highlighting its fitness in
gray. When a previous best solution remains the same fordkedataset, no evaluation is

performed for the other particles.

Assuming that the solutions are well-placed in the seareleespve have started by reporting
the results for the datasBX(6), where the best solutiog in swarmS(6) was found by DPSO.
Next, the solutiors, found over the datasé?(6) has been kept for datasB{7). We note that
the current best solution experienced a decrease in pafarenbetween datasdX7, 8) (in

next column), which is denoted as a negative behavior.

As a consequence, the adapted grid-search module is activetry to find another satisfactory

solution. Following evaluation, the adapted grid moduéetd a new solutios; and no further
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Figure 3.11 Case study: Operation of the proposed method, Dyamic
Model Selection (DMS). In (a), we show an overview of searahg processes
for SVM models based on the proposed method and on full optinziation
processes over sequences of incoming data. We can see that ®ban
approximate performing solutions by requiring fewer iterations than full
optimization processes. The dashed vertical lines indicatwhen more data
were injected and how many iterations were needed to accomiph the
searching tasks. Next, in (b) and (c), we show a zoom on the grosed
method’ activities and generalization errors. These figure empirically
depict an analogy to the general concept illustrated in Figte 3.6.
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searches are carried out, since the best current resultipasved and there is no indication of
any big changes that would justify additional optimizafofNext, between datasefyS, 9),
the change detection rule is re-activated, and again a ferelsés carried out over the other
solutions to check whether or not there is a better solufidv@ new solution returns t@ and
another application of the rule over the two best resulticatds that the DPSO module does
not need to be activated. Thereafter, between daf2agetl0), the current best particke was

preserved since no relevant variation has occurred.

On the other hand, the same behavior between dat@¥&t$)) occurs among the datasets
D(10,12), resulting ins, ands;, respectively. Afterwards, the searching process coainu
by re-activating DPSO for the datage{13), which results in a new swari(13) with a new
best solutiorsy. Therefore, dynamic optimizations are employed whenéwentethod judges
it necessary to update the swarm. Mainly due to performaegeadation, or for instance,
when the adapted grid is activated and the results are naipeoved nor do they characterize

changes in the search space.

3.3 Experimental Protocol

A series of experiments were carried out to test the effengs of the proposed method.
In particular, we have compared our method with other modkdction strategies under a
gradual learning scenario. In the latter, an SVM classifiestbe built gradually from scratch
whenever more data become available. We have used datasetsatgd from synthetic and
real-world problems. For each dataset, the following expental setup was conceived: First
of all, the original training sets were divided into sets afal The total number of samples for
each dataset was progressively increased according tadthogic rule [45], from about 16
examples per class to the total number of samples availabie idataset. For datasets in which
the original distribution of samples was unbalanced ambaglasses, we have maintained the

original class-priors for each dataset.

Then we have applied each SVM model selection strategy treedatasets. Once the model

for each dataset has been selected, the performance ocafisifiers was assessed in terms of its
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generalization error on the test set after each simulaliba.generalization error was estimated
as the ratio of misclassified test set samples over the tataber of test samples. This made
it possible to observe the effect of the training dataset &z each model selection approach
and the final test performance attained. As some strateggtext use stochastic algorithms, the
results represent averages drawn over 10 replicationskérnel chosen for the SVM classifier
was the RBF (Radial Basis Function), and so, the model setentethods were carried out
to find optimal values for the hyper-parameter &€t~). Additional specifications on the

approaches tested and information on the datasets arelpdovi next section.

3.3.1 SVM Model Selection Strategies Tested

We have compared the following SVM model selection strat&gi

° Traditional Grid-Search (GS)rhis method selects the best solution by evaluating skvera
combinations of possible values. The best combination | teetrain the final SVM
classifier. In this study, we consider a grid of 70 (7x10) poss, where the possible
combinations lie within these values: = {0.01, 0.1, 100, 150, 170, 250, 600}, and-
{0.08, 0.15, 15, 20, 50, 100, 300, 500, 1000, 1500%}.

° 1st Grid-Search (1st-GSYhis strategy applies a traditional grid-search only a¥er

first dataset and retains the same solution found for thessuiest subsets.

. Full Particle Swarm Optimization (FPSOTJhe optimal hyper-parameter values are se-

lected by the standard PSO algorithm for each new set of data.

° Chained PSO (CPSOPSO is applied by this strategy to search for optimal sohsti
However, the solutions here are optimized among sequehdasasets in a chained way,
like a serial process. This means that the optimizationgs®¢s performed continuously

over the datasets, and not by fully re-initializing the swdoetween sets.

° Dynamic Model Selection (DMSThis strategy is the proposed method introduced in
Section 3.2.
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3.3.2 Experiments Parameters Setting

The following parameters setting was used in the experignent

° Optimization Algorithms Parameters§he maximum number of iterations and the swarm
size were set to 100 and 20, respectively. The dimensioreodf garticle are denoted by
hyper-parameter values f6t and~, where the maximum and minimum values of such

dimensions were set {a—¢, 214], 2715 219], respectively.

The topology used in PSO and DPSO vilas;t with A = 3. This topology was selected
because unlike thghest topology, which has a tendency towards premature conveegen
because all the particles are influenced by the same globadesahelbest topology is
more sophisticated for exploring multiple regions in plgb0]. Furthermore, the par-
allelism of thelbe st topology allows distant neighborhoods to be explored mutepen-
dently. Basically, this topology creates a neighborhoadefach individual comprising
itself and its\ nearest neighbors in the swarm. A neighborhood may conkssiroe
small group of particles, where the neighborhoods oventapevery particle can be in

multiple neighborhoods.

Two stop criteria were implemented for the optimizationgasses. The first was imple-
mented based on the maximum iteration permitted. As a rdbeltoptimization might
finish whenever the number of iterations reaches the maxiraloe (100). However,
the second criterion was built based on the best fithess vabenerally speaking, if
the best fitness value did not improve over 10 consecutivatiems, then the optimiza-
tion process was stopped. In fact, this last stop criterias the most active, since the

simulations never attained to the maximum number of itensti

. Objective FunctionSeveral objective functions have been proposed in thetitee for
searching for optimal hyper-parameters, e.g. radius margund [118], span bound

[19], support vector count [117], etc. More information abthem can be found in [20].
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Unfortunately, these measures usually depend on certsimygsions, e.g. they are valid

for a specific kernel or require a separation of the traingtgrgthout error.

The problem is that these assumptions are quite strong &berld problems. Thus,
the best alternative is to use as objective function measetated to the performance
of the classifiers, since no assumptions are needed [40jnJdkis into account, the
minimization of the generalization error from cross-vatidn (CV) procedures over a
training set is a good option. In theCV procedure, the original training set is firstly
divided intor portions of data, and then sequentially one dataset isctésteising a
classifier trained from the remaining— 1 portions of data. To sum up, it means that
each instance of the entire training set is predicted once,tlae final generalization
error is computed as an average over the test errors obtainefdct, av-CV is the
best option since it results in a better generalizationrexstimation than by separating
a small dataset into a hold-out procedure and being less u@atignally expensive than
by using leave-one-out procedure=(otal number of training samples), for example. In
this work, we have used = 5 (five-fold cross-validation), since it is the most commonly

used and is also suggested in [18].

3.3.3 Datasets

We have used nine synthetic and real-world datasets in theriexents. They are listed in
Table 3.2 along with more details. The synthetic problenesiugere the well-known Circle-
in-Square (CiS) [14] and P2 [116] problems. The CiS problemscsts of two classes, where
the decision boundary is nonlinear and the samples areramlifalistributed in ranges from
0 to 1. A circle inside a square denotes one class, while tier alass is formed by the area
outside the circle. The area of the circle is equal to halhefsquare. The P2 problem is also a
two-class problem, where each class is defined in multiptesta regions delimited by one or
more than four simple polynomial and trigonometric funaioAs in [45], one of the original

equations was modified such that the areas occupied by tesesldbecome approximately
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equal. In both problems, the classes are nested withouteqyng, so the total probability of

error is 0%.

The real-problems employed are described as follows. ThdtAdtaset represents a two-class
problem from the UCI Repository [4]. The task is to predictetffer or not income exceeds
$50K/yr based on census data. The DNA, German Credit, arich&ge datasets are from the
Statlog Project [79]. The DNA dataset is a multi-class peablwhere each class represents
a different protein. The German Credit dataset is a bin&@ygsification problem, where the
goal is to classify people as good or bad credit risks baseds®t of attributes. The Satimage
dataset consists of multi-spectral values of pixels in el image, where the aim is to predict

the class of central pixels in 3x3 neighborhoods, given théirapectral features.

The Nist-Digits is a dataset composed of samples from théd NDigjits Special database 19
(NIST SD19). Composed of handwritten samples of 0 to 9 digades, this dataset is one
of the most popular real-world databases employed to eteahendwritten digit recognition

methods. We have used two distinct test sets denoted aPDiigs- 1 (60,089 samples) and
Nist-Digits 2 (58,646 samples) in this paper. Both are parts of the NIST’s Special Database
19: hsf-4 and hsf-7, respectively. The former is considéndzke more difficult to classify than

the latter. Samples from hsf-0123 partitions were usedasing set. The feature set employed
is the same as that suggested by Oliveiral [85]. Basically, the features are a mixture of
concavity, contour and character surface, where the firslfe vector is composed of 132

components normalized between 0 and 1.

Finally, the IR-Ship database is a military database whassts of Forward Looking Infra-
Red (FLIR) images of eight different classes of ships. Thages were provided by the U.S.
Naval Weapons Center and Ford Aerospace Corporation. The &ature set employed by
Park and Sklansky [89] was used in this work. More detailsh@nslynthetic, Nist-Digits, and

IR-Ship databases can be found in the appendix I.
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Table 3.2  Specifications on the datasets used in the experints

Database Number of Number of Number of Number of Number of
Classes Features Training Samples Sets Test Samples
Adult 2 123 3,185 19 29,376
Circle-in-Square 2 2 3,856 21 10,000
DNA 3 180 1,400 15 1,186
German Credit 2 24 800 13 200
IR-Ship 8 11 1,785 10 760
Nist-Digits 10 132 5,860 16 60,089/58,646
P2 2 2 3,856 21 10,000
Satimage 6 36 4,435 15 2,000

3.3.4 Parallel processing

In order to speed up the execution of our experiments, weingvemented the PSO algorithm
and our proposed method in a parallel processing archree@Beowulf cluster with 20 nodes
using Athlon XP 2500+ processors with 1GB of PC-2700 DDR RAA@3MHz FSB)).

The optimization algorithms were implemented using LAM MBL5 in master-slave mode
with a simple load balance. It means that while one mastee eadcutes the main operation
related to the control of the processes, like the updatinupdicles’ positions/velocities, and
then switching between the different levels (e.g. adaptet PPSO), the evaluations of fit-
ness are performed by several slave processors. The rebtdiged are given in subsequent

sections.
3.3.5 Obtained Results

The results are reported in Tables 3.3, 3.4, and 3.5, in tefngeneralization error rates,
number of stored support vectors, and computational tineatspespectively. It is important
to mention that these results were tested on multiple cosgas using the Kruskal-Wallis
nonparametric statistical test by testing the equalityveenh mean values. The confidence
level was set to 95% and the Dunn-Sidak correction was api¢he critical values. The best

results for each classification problem are shown in bold.
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From the results, we can see how important a careful sefeatibyper-parameters is to gener-
ate high performing classifiers. For instance, the resattthe GS and 1st-Grid approaches in
Table 3.3 show us that searching for optimal hyper-parammgieen a new dataset can achieve
better results, in both classification accuracy and modeiptexity, than those that apply a

searching process just once.

Table 3.3  Mean error rates and standard deviation values ovel0
replications when the size of the dataset attained the sizé the original
training set. The best results are shown in bold

Database GS 1stGS  FPSO CPSO DMS
Adult 17.54 24.06 15.55(0.06) 23.85 (0.01) 15.56 (0.05)
CiS 0.34 067 0.14(0.03) 0.19(0.03) 0.13(0.03)
Dna 12.82 42.24 5.13(0.18) 6.37(0.44) 5.16 (0.56)
German Credif 30.00 35.00 26.6(0.21) 30.10 (0.32) 26.65 (0.31)
IR-Ship 6.05 7.50 4.86(0.35) 5.66(0.45) 4.72(0.29)
Nist-Digits 1 | 2.82  6.84 2.75(0.04) 3.02(0.23) 2.74(0.14)
Nist-Digits 2 | 7.38 14.30 6.68(0.15) 7.33(0.59) 6.72(0.39)
P2 1.79 3.71 1.64(0.10) 2.03(0.29) 1.69 (0.14)
Satimage 10.20 10.50 8.06 (0.13) 14.32(0.30) 8.26 (0.22)

Table 3.4 Mean of support vectors and standard deviation vales
obtained over 10 replications when the size of the datasettained the size of
the original training set. The best results for each data sefre shown in bold

Database GS 1stGS FPSO CPSO DMS
Adult 1508 1572 1176.50 (12.53) 3075.00 (10.00) 1174.80 (12.66
CiS 64 476  3540(6.47)  43.30(12.18)  37.40 (8.36
Dna 1906 1914  628.40 (32.50) 436.10 (42.83) 810.60 (31.69)
German Credif 800 516  418.40 (3.63) 776.50 (74.31) 421.30 (9.74)
IR-Ship 443 661 320.70(13.34) 671.40 (21.74) 318.70 (9.53)
Nist-Digits 880 2912  898.40 (30.45) 1556.30 (62.56) 947.40 (55.09)
P2 226 430 161.40(26.12) 383.50 (77.37) 152.80 (8.47)
Satimage 1117 1073 1888.00 (93.51) 1384.10 (60.64) 1849.00 (99.64)

In addition, we have observed that PSO based approachesrgqgemising, since their results
have overtaken those of the two grid-search methods (sesbled 3.3 and 3.4. Furthermore,
the mostimportant fact is that the proposed method (DMS)abéesto attain similar results, but
was less time consuming, than the full PSO (FPSO) strategpréviously mentioned, because

some of the model selection strategies (FPSO, CPSO, and D8&jtochastic algorithms, we
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have replicated the experiments 10 times. Therefore, thdtssfor these strategies represent

averages over 10 replications.

Table 3.5 Mean computational time spent (hh:mm:ss) for modeeselection
processes over all sequences of datasets. Results with FP&@r the whole

databases (FPSO-all data) are also reported

| Database | FPSO-all data FPSO CPSO DMS |
Database FPSO-all data FPSO CPSO DMS
Adult 01:28:07 (00:38:13) 02:41:36 (00:02:53) 01:37:21 (0@TYL: 00:32:31 (00:02:50)
CiS 02:56:15 (00:55:41) 05:07:17 (00:09:59) 2:23:10 (00:@p:1 01:35:45 (00:08:34)
Dna 00:34:59 (00:15:59) 01:07:58 (00:01:34) 00:42:27 (0BOY: 00:14:21 (00:01:01)
German Credit 00:07:51 (00:00:57) 00:13:43 (00:00:06) 00:11:36 (00:00:02) 00:13:17 (0:6D:0
IR-Ship 00:19:08 (00:07:41) 00:30:42 (00:01:01) 00:15:17 (0O@MOA: 00:11:26 (00:05:00)
NistDigit 06:47:51 (02:22:15) 13:46:00 (00:16:04) 03:46:24 (0(BBB: 00:56:38 (00:05:34)
P2 06:02:28 (00:48:29) 16:04:54 (00:17:44) 10:21:50 (0IIP: 05:35:55 (00:33:24)
Satimage 01:45:55 (00:38:40) 02:46:18 (00:03:41) 01:41:29 (0QA2: 01:31:03 (00:05:04)

All these results, mainly comparing @8st-GS and CPS@DMS, are particularly interesting

because they confirm the importance of tracking optimaltgmia when new data are available
and show the relevance of the proposed method. By analyaangesults, we can say that by
shifting between re-evaluations and re-optimizationsref’pus swarms can be quite effective

for building new solutions.

The adapted grid module is less time consuming and perfogtierithan evaluating, a grid
randomly composed of 70 different combinations (GS), fetance, or starting a whole new
optimization process (FPSO). Besides, it was shown thaD8O algorithm is capable of
tracking optimal solutions by resetting the particles’ noeies and injecting diversity. To
better visualize the performance of the methods, we alsartépe mean error rates across all

the subsets and over the 10 replications for two case studiggure 3.12.

For a deeper analysis of the proposed method, we have démdiegure 3.13 the frequencies
of at which a module was responsible for the selection of tied Solution. From these results,
itis even possible to guess the different degrees of difffarhong the databases. For example,

databases whose the final solutions were pointed out maoea bft the DPSO module, e.g.
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German Credit and DNA, seem to have a major degree of unegstaiue perhaps a greater

overlapping between classes, than other databases, sNst-d3igits and CiS, for example.
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Figure 3.12 Error and support vectors rates. For the databass, Ship ((a)
and (b)) and Satimage ((c) and (d)). The results were obtairkover 10
replications.

By comparing the optimization approaches directly, we @nthat the results reported in Ta-
ble 3.6 demonstrate that our DPSO implementation is adgantss, mainly in terms of the

processing time demanded to search for solutions. Unlik&dsRvhich requires several itera-
tions, because it starts a new search randomly every tinmgjymamic version saves time by

applying dynamic optimization techniques, such as: theofipeevious knowledge, increasing
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diversity, etc. As a result, when the DPSO module is actdjateconverges faster and with
similar results to those obtained with FPSO and better thaset obtained with CPSO.
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Figure 3.13 Average of frequencies which indicates how manymes each
module was responsible for pointing out the final solution.

The results also reveal an important advantage of our dysarodel selection strategy (DMS)
over the common used FPSO strategy. While a huge amount gbutational time was re-

quired for the FPSO optimization approach to perform theehsdlection processes, our pro-
posed method was capable of finding satisfactory solutinrless computational time, by

mainly considering it for each set of data.

This is because the FPSO strategy requires a large numbgalof&ons than the proposed
method, especially over each dataset, or still because apy@ied gradually over the datasets,
the proposed method usually accelerates the searchinggsrdxy approximating solutions

before reaching the total size of training sets.

Based on these results, we can see that the proposed metk&],Has spent less computa-

tional time than the other strategies. Besides, it can atsadbed that sometimes the applica-
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tion of DMS gradually over subsets of data can be even fdsteritealizing a full optimization

process over the entire original training set.

Table 3.6  Mean of number iterations attained and standard deiation
values for each optimization algorithm over 10 replicatiors. The results for
the Full and Chained PSO strategies were computed over all dasets. In
contrast, the results for the DPSO module were computed coidering only
the datasets where it was activated

Database FullPSO Chained PSO| DPSO Module
Adult 18.63 (7.04) 12.00 (1.04)] 14.66 (4.37)
Cis 23.53(7.52) 17.71(2.92)] 17.05 (6.10)
Dna 23.18 (7.07)  15.95 (5.47)| 17.08 (5.09)
German Creditf 21.48 (7.44) 12.61 (2.14)| 14.07 (4.34)
IR-Ship 30.45(8.78) 15.82 (5.34)| 17.38 (5.20)
Nist-Digits 31.60(8.44) 14.17 (4.74)| 15.72(6.41)
P2 27.39(9.26) 20.72 (5.81)] 15.50 (4.61)
Satimage 24.86 (8.19) 16.78 (6.53)] 18.14 (6.48)

Thus, the efficiency of the proposed method was demonstitateaigh the results. Even though
the strategies sometimes perform similarly in terms of g@imation errors, as in the case of
the CiS database, the proposed method is clearly superibrrespect to other factors, e.g.
the model complexity (humber of support vectors) and comapartal time. Furthermore, by
taking fewer iterations and having adaptation capabislitiee use of the proposed method in a
fully dynamic environment is very promising, mainly in tleoapplications where the system

must adapt itself to new data (time-series data, for example

3.4 Discussion

In this chapter we presented the SVM model selection proldem dynamic optimization

problem which depends on available data. In particular,as$ whown that if one intends to
build efficient SVM classifiers from different, gradual, ar&l source of data, the best way
is to consider the model selection process as a dynamic ggagkich can evolve, change,
and hence require different solutions overtime dependmiipe knowledge available about the
problem and uncertainties in the data. In order to solve tbdahselection problem and also

take into account this dynamism, we proposed a PSO-baseg\rark (DMS) based on the
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ideas of self-organization, change detection, and dynaptimization techniques to track the
optimal solutions and save computational time. The relesasf the proposed method was

confirmed through experiments conducted on nine databases.

Briefly, the results have shown that: (1) if PSO is appliecusejally over datasets as a whole
optimization process (Chained PSO) with the purpose oingagomputational time, the re-
sulting optimized solutions may stay trapped in local miaiafter successive hyper-parameter
model selection processes. By contrast, (2) although ftihdzation processes with PSO
(Full PSO strategy) constitute an efficient way to achievedg@sults, they are very time con-
suming, particularly when applied to each new dataset. (8pvas very similar to full opti-
mization processes, but less computationally expensia@lyndue to the use of the dynamic

optimization techniques.

Above all, we examined the SVM model selection problem inaadgal learning context where
hyper-parameters must be re-estimated in order to retna8Va classifier from data at differ-
enttimesk in a cumulative fashion, as occurs in applications whera daltection is expensive,
such as cancer diagnosis, signature verification, etc. Tdy@ped method is also particularly
useful for real-world applications requiring the genearator updating of dynamically in a se-
rial way (e.g. those involving streaming data). We preseniesmore additional results that

restate our conclusions concerning the strategies tastbe appendix Il.

Nevertheless, even considering that the optimization aohgles classifier is important to in-
crease its performances, we know that the use of an enserblassifiers can improve the
overall performance of a classification system. Especialign the members composing the

ensemble are especially selected, which makes them stié axxurate.

Taking this into account, the evaluation and selection chatlassifiers depend on the choice
of an adequate objective function. Therefore, in order toebeinderstand and apply classi-
fier ensembles to compose our adaptive incremental systehe ioontext of this thesis, we

investigate a series of measures, based on different #sgdo achieve such tasks in the next

chapter.



CHAPTER 4

TOWARDS TO THE EVALUATION AND SELECTION OF ENSEMBLE OF
CLASSIFIERS

The fusion of classifier decisions into ensembles has bedealyapplied to improve the per-
formance of single classifiers. Over the last years, seedi@its on ensembles of classifiers
have been conducted to find measures that could be well atadelvith ensembles’ accuracy
[67, 99, 36, 28, 125, 96, 69, 73, 122, 9, 116, 110]. Howevespie of the efforts, the under-

standing of the effectiveness of ensembles methods hkisistgued many authors.

A consensus in the literature indicates the presence of simesity between the ensembles
members as the main factor for improving the overall pertoroe [28, 69, 73, 122, 9]. Even
though it is well accepted that diversity is a necessary itmmdfor improving the majority
vote accuracy, there is no general agreement on how to duantto deal with it. On the
other hand, bias-variance and margin theory has also dlkweme attention in the literature,
since it may cast the study of ensembles of classifiers irdoge Imargin classifiers context. In
particular, the margin theory was first applied by Schapiid.g99] to provide an explanation
on how the boosting method works. After that, other authargehused this theory to create

new ensemble methods [6, 8].

The main goal of this chapter is, through an empirical staolynvestigate measures for the
evaluation and selection of ensemble members. This is irapbbecause sometimes, mainly
for those situations in which only small datasets are ahilahe use of ensemble accuracy
over such data may not provide sufficient information to&elee best ensemble. The conclu-
sions obtained in this chapter help us on the choice of thiedixsctive function to be used in

our adaptive incremental learning system.

In order to achieve this, we start our study by surveying messsfrom some classical theories:
bias-variance, diversity measures, and margin theoryrieembles. Afterwards, an experi-

mental protocol similar to one introduced by Valentini [11& characterizing ensembles of
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Support Vector Machines is employed to evaluate the messimeaddition, a discussion on
the obtained results is also offered, in which we try to amsseene questions currently found

in the literature, such as:

° Which measure could offer the best guidance to evaluatddissifiers fusion?
° How are the diversity measures related to each other?
. Is there a relationship between diversity, margins, andmide accuracy?

° Which are the best measures for observing such relatiodship

This chapter is organized as follows. In Section 4.1 we suriz@dhe bias-variance theory
for ensemble according to Domingos’ theoretical framew86{. Section 4.2 surveys classi-
cal measures to estimate diversity for classification fusi®ection 4.3 introduces the margin
theory for ensemble of classifiers and measures related &edtion 4.4 describes the exper-
imental protocol applied and the obtained results. Finaly discuss results and outline the

conclusions in Section 4.5.

4.1 Bias-Variance Decomposition of Error

In general, zero-one loss functions are the only option tagmied to classification problems.
In order to analyze bias-variance in this context, an adtiva is to use the unified bias-variance
decomposition of the error proposed by Domingos [36]. Is theory, regarding a free noise
case, the expected log4.(-) for a samplex is basically decomposed into two terms: the bias
B(-) and the varianc&'(-). Therefore, following the same notation introduced by Wtfe in

[116], the expected loss is computed as:

EL(z) = B(x) + V(x) (4.1)
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B(x) = E(ym,y.) represents the bias of an ensembld.aflassifiers on an exampie The
bias is the los€/(.) incurred by the main predictios,, with respect to the optimal prediction
y«. Therefore, for the 0/1 loss, the bias is always 0 or 1 and cietpby:

mw{l i 40 7 11 w2

0 if Ym = v

For an ensemble composed{o¥1;}© classifiers, the variance of errors is considered according
to two opposite aspects: the unbiased and biased variaheeuribiased variandé, (x) is the
variance whemB(x) = 0, it is responsible for increasing the error. On the otherdhaiased
varianceV,(x) represents the variance whé&ix) = 1, hence it is responsible for decreasing

the error. These variances are calculated as:
1 L
Vux) = D (W =) A (Y # Y] (4.3)

V) = 5 D llum # 00) A (o # )] @4

wherey ., is the prediction provided by a classifiéi;.

Finally, the net varianc¥,,(x) is defined in order to combine the effects of unbiased anetias
variancel,(x) = V,(x) — V4(x). From this point of view, variance can be seen as a measure

of diversity, where its effects on error are related to thpetgf the variance [115, 116].

This decomposition for a sampiecan be generalized to a whole dataset by defifipg].
This way the average bids,[B(x)], the average unbiased variangg[V,,(x)], and the aver-
age biased varianck, [V}, (x)] compose the expected loss of generalization over all datase
redefined to:

E[EL(x)] = Ex[Bx)] + ExVa(x)] — Ex[Vi(x)] (4.5)
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Overall, the bias-variance decomposition of error thedligne to understand the working of
ensembles. Unfortunately, as itis defined by a set of metheause of the bias-variance theory

for the selection of ensembles is more complex.

By contrast, the margin theory can express the same condryitgn a more compact way,
since the increasing of margins denotes the decreasing difiis and variance terms together
[36]. In light of this, we focus on the margin theory and dsigr measures. However, for
sake of clarity, we also present results based on biasnaianalysis with two problems in

appendix Ill.

4.2 Diversity Measures

Diversity has been quantified in several ways for classificafusion. As a result, different
measures have been proposed in the literature. In thisoeegte describe seven well-known
diversity measures which are usually grouped into two typagwise and non-pairwise [73].
Their values vary in a range of 0 and 1. Moreover, in here eagdrgity measure name is
accompanied with a downward arrgwor upward arrowf indicating if the diversity obtained

is decreasing or increasing with its value.
4.2.1 Pairwise Measures

In pairwise measures, firstly the diversity between allgairclassifiers is calculated. There-
after, the overall diversity measure values are computdtieasnean of the pairwise values.

Lx(L—1

For instance, giver. classifiers,~; ) pairwise diversitiesl;; are measured between pairs

of classifiers, and then the final diversitys defined by an average:

_ 2
d= IT-1 Z d; (4.6)

i#j

In general for a pairwise measureis the total number of samples!! is the number of times

that both classifiers are correet® represents the number of times that both classifiers are
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incorrect, anch! andn®!' denote the number of times when just the first or second isisi

correct, respectively. Below, we describe some pairwisasuees applied in this work.
42.1.1 Q averagel)

With this measure, classifiers that tend to recognize thesamples correctly will have posi-

tive values of). This measure is computed for pairs of classifieaiad; as:
nlanO _ nOlnIO
nlanO + nOlnIO

Qij =

4.7)

4.2.1.2 Disagreement measurd )

This measure denotes the ratio between the number of ohissivavhere one classifier is
correct and the other is incorrect with respect to the tatahimer of observations [104]. For a

pair of classifiers andj, it is computed by:

nlO + TLOl

DS;; = (4.8)

n

4.2.1.3 Double-fault measure )

The double-fault measure estimates the probability ofadant errors for a pair of classifiers.

It is defined for a pair of classifieisand; as [104, 42]:

nOO

DFj = — (4.9)
n

4.2.2 Non-pairwise Measures

Unlike pairwise measures, non-pairwise measures are hailased by comparing pairs of
classifiers, but by comparing all classifiers as a whole. Below there are some examples of

these types of measures:
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4.2.2.1 Kohavi-Wolpert (KW) variance (T)

Let /(x,) be the number of classifiers that correctly recognize From the formula for the

variance [67], the diversity measure becomes:

an Zz x;)(L — 1(x;)) (4.10)

4.2.2.2 Generalized diversity {)

Let Z be a random variable to represent the proportion of classiffeat are incorrect on a
randomly drawn sampte, p; is the probability thatZ = i /L, andp(:) is the probability that
randomly chosen members will be wrong on a randomly chaseFhe generalized diversity
is defined as [90]:

L LG - 1)
Zl pr Zl mpi (4.11)
GD=1- % (4.12)

4.2.2.3 Ambiguity ()

The ambiguity measure was proposed by Zenobi and Cunninfft26h Basically, it measures
the disagreement among the classifiers predictignsith respect to the majority prediction

Ym, Where the factor correctness is not important. The amtyignéasure can be defined as:
n L

= S i # ] (4.13)

i=1 j=1

4.2.2.4 Difficulty (])

Unlike the ambiguity measure, the difficulty measure [4K¢ Imost of the measures is calcu-

lated taking into account the base classifiers’ correctngss goal is to measure the degree of



77

classification difficulty of samples. Basically, this mesesis defined to be the variance oXa
random variable which denotes the proportion of classifleas correctly classify a sampie
DY = o?(X).

4.3 Margin Theory

The margin theory was originally applied to develop the Supgector Machines theory [117]
and to explain the success of Boosting [99]. In the formepVia[117] has introduced the idea
that the generalization error of a classifier can be decodagenaximizing the separation mar-
gin between classes. Basically, the margin of a sampkgpresents a degree of confidence in
its classification. Here, in order to provide a global untierding of this theory, we summarize

the different ways to compute the margin regarding a sample.

First, the margin of a single classifier based on some digeaita functionf(.) over a sample

(x,y) withy € [-1,1] andf(x) — [—1, 1] can be computed by:

T(x,y) =y - f(z) (4.14)

Second, if the classifier is based on some probabilistic inedehe margin can be defined as:

7(x,y) = P(y[x) — maz(P(y # jlx)) (4.15)

wherej is any other class related to the classification problem.tNex ensembles of clas-
sifiers, the concept of the margin follows the same idea dhiced by Schapire et al. [99].
In general, the margin of a samptecan be computed by Equation 4.16 or by Equation 4.17
[43, 110], wherey, is the number of votes for the true classjs the number of votes for any

other class, andis the maximum number of classes in the problem:

T(X,y) = ! vy — Z v; (4.16)
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vy — argmax vj (4.17)
T

T(X,y) =

Sl

The main difference between these two definitions for engesnb that, while the first one
applies a sum operation, the second one computes a maxiope®ased on the first margin
definition, when dealing with multi-class problems the nr@sgan even assume negative val-
ues for correct ensemble decisions, i.e. when there is alfgjubut not a majority [43]. By
contrast, following the second definition, which is a spec@se of the first one, the margins
are always positive when the ensemble is correct and negatinerwise. Thus, for the sake of
clarity, in this chapter, we employ both definitions and shbat in fact they perform similarly

and converge to the same regions.

4.3.1 Margin-Related Measures

Naturally, the definition of margin for a samptecan also be generalized and employed to other
measures applied over a dataet= (x;, ;). In particular, there are two main measures

related to this theory:

° Minimum Margir(1): The minimum margin of an ensemble of classifiers on a dafase
is defined as the smallest value of margin obtained to angcblaibel [43]. Therefore,

the minimum margin is governed by:

o(D) = argmin(T(x;,v:)), (4.18)

1<i<n

. Average Margifil): the average margin denotes the mean of all margins olotainer

samples of a given datasBt This measure can be calculated as:

WD) = = 3" 7lxiy) 419)
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In addition to these two typical margin-based measureshananeasure has been proposed
from the margin theory. In here, we denote this measure aseakure, since it was derivate
from the Chebishev’s Inequality. This measure represegenaralization bound suggested in

[8]. In particular, assuming an average margi{®) > 0, this measure is defined as:

o(r(D))
CI(]) = (4.20)
(u(D))?
This measure establishes a relation between the strentitd bése classifiers (average margin)
and the dependence between them for predicting the gezeadrati error. This is because, it has
been proven that the variance of the margins is lower or equak average of the correlation

coefficients of pairs of classifiers times an average of nagébetween them [8].

Finally, the use of cumulative margin distribution graghis also an efficient tool to observe
the ensembles’ behaviors. They can be computed by two sistgpes. First, the set of mar-
gin values from a dataset is sorted. Next, for each possdileevof margin is calculated the
percentage of the samples whose margins are lower or eqtred turrent value. Graphics of
cumulative distribution of margins were firstly introducley Schapire et al. [99] to demon-
strate that Boosting maximizes margins. Once that the defnsi of diversity and margin

theories were already presented, we describe the expaahpeatocol adopted and the results

obtained in the next section.
4.4 Experimental Protocol

In order to investigate the measures previously introduaedbjective functions, we have
carried out an experimental protocol similar to one realizg Valentini [115, 116] for charac-

terizing ensembles of Support Vector Machines (SVM).

The experimental setup has been organized into two stepst dfiall, we have selected
the complex synthetic problem denoted P2 and two other rolaltises real-world problems,

Satimage and Letter, from Satlog collection [79]. P2 [115hiclassification problem that
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consists of two classed @nd /1), where the decision region for each class is delimited by

one, two, or even more than four equations and without oppihey between the distributions.

More details about this synthetic problem can be found irafhyeendix I.

We summarize some information about the three classificatioblems used in Table 4.1. For

the P2 problem, a large dataset was generated and splited gmall training set and a large

testing set composed of 100 and 10,000 samples respectialthe real-world problems, the

same original distributions of samples for training and $e$s were used.

Table 4.1 Information on the databases
Database| Number of Number of Number of Number of
Classes Features  Training Samples Test Samples
P2 2 2 100 10,000
Satimage 6 36 3,104 1,331
Letter 26 16 10,500 4,500

Thereafter, ensembles of SVMs with RBF-kernel varying@hand~ parameters were built

based on the Bagging method [5]. Therefore, ensemble maenme created by taking ran-

dom samples with replacement from a given original trairsegD, and by building them

on different bootstrapped subsets. The total number of &8siflers was generated for each

problem.

For each test sampte the final classification decision was made by taking the ritgjoote

over the class labels produced by each ensemble member. A@WMigainst-one strategy

was employed when dealing with the multi-class problemsredeer, a RBF kernel was used

because it nonlinearly maps samples into a higher dimeakspace. Furthermore, this kernel

has also obtained superior power of generalization andrloamplexity than the Polynomial

kernel [115], for example. The variations of theand~ parameters were done based on these
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values:
v € {10000, 2500, 100, 25, 4,1,0.25,0.04, 0.01, 25¢03,

404, 104, 2505, 11e05, 606, 406, 106 }
C e {0.01,0.1,1,2,5,10, 20, 50, 100, 200, 500, 1000}

Therefore, 204 different combinations of models were #diand evaluated on each subset of
data totalizing more than 30,600 different RBF-SVMs forddtabases. Finally, the measures
introduced in Sections 4.2 and 4.3 were evaluated over thenelnles generated and compared
with their average loss and generalization errors. Theageeloss of predictions is computed
between base classifiers outpytsand a true clasg;. In particular, it represents the mean

error rate between the ensemble members as defined in Eydaib.

n L
ALoss =233 ljy # 4] (4.21)

i=1 j=1

While the generalization error of the ensembles is compatedrding to Equation 4.22, where
ym denotes the majority vote. It corresponds to the actuat efrihne ensemble after combining

the base classifiers.

N
1
G.Error = N g Yim 7 Y7 (4.22)

4.4.1 Obtained Results

From the obtained results we could observe very interestiiagjonships among diversity mea-
sures, margin theory, and majority vote accuracy. In ordéetter examine them, we start by
analyzing the best results for each measure previouslyiomsa regarding each theory and
classification problem tested. The results are reportedablet 4.2, 4.3, and 4.4. In these
tables, we can see the optimum value reached for each met®ireorresponding ensemble
configuration, and generalization power yielded, i.e. imteof individual errors (i.e. average

loss) and generalization error after combination.
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In Figures 4.1, 4.2, and 4.4, we can also observe the behafiall measures concerning
two different perspectives of the ensembles with the bedbpeances, i.e. with the lowest
generalization error. In the first one, results of differensembles are plotted by fixing the
value of the parameter and varying the parametet By contrast, in a second perspective,
the parametet is fixed whileC' is varied. Based on all this information, we examine each
experimental result with respect to the majority vote aacyr and finally discuss details on
their use as objective function for ensemble selection.s Bmalysis is described in the next

sections.

4.4.1.1 Diversity results

The results have shown that diversity is very important tamuaacy of EoCs, since ensembles
with the lowest average loss of predictions between thembers have not reached the lowest

generalization error. This can be seen in all Tables 4. zaAddFigures 4.1-4.5.

For example, in Table 4.3, the ensemble composed of the $tigieeforming classifiers, i.e.

with parameters’ = 5 andy = 1, did not produce the most performing combination, which
was obtained whew = 20 and samey value. It means that individual performances of
members are one factor that contributes to the overall ebbiggmerformances, but they are not
sufficient. Thus, some diversity is requested to get thedsgmajority vote performances, as

also pointed out in [66].

However, as we have mentioned before, the relationshipdmtwliversity and ensemble accu-
racy may be very complex. In fact, we could see that the re$oittsome diversity measures
were more ambiguous in relation to the ensemble accuracig i because, for several en-
sembles, they have assumed the same values, even if thel#asdrad different average loss
(i.e. mean error rates) or generalization error (i.e. nigjeote error). As examples, we can
relate mainly those focused on the increasing of the vagidnetween the base classifiers out-
puts, such as: Q average, Disagreement, Ambiguity, and\KAdNalpert variance measures,
as shown in Figures 4.1 - 4.5. Above all, these results redetllat the diversity measures

can be categorize into two groups according to their ratatigp with ensemble accuracy. In
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Table 4.2 Best results obtained for each measure evaluated the P2 database

Measures C ~ Value | Average Generalization
Loss(%) Error (%)
Average Loss|() 2 100 0.1719 17.19 12.78
Generalization Error|) 1 100 0.1274 17.59 12.74
Difficulty (|) 0.1 25 0 35.06 28.91
Ambiguity (1) 0.1 25 0.2563 35.06 28.91
Double Fault () 2 100 0.100§ 17.19 12.78
Disagreement)() 0.1 25 0.3508 35.06 28.91
Kohavi-Wolpert () 0.1 25 0.1719 35.06 28.91
Generalized Diversity]() | 0.1 25 0.5003 35.06 28.91
Q Average () 0.1 25 0.3100 35.06 28.91
Minimum Margin (1) 0.1 25 0 35.06 28.91
Average Margin {) 2 100 0.6561 17.19 12.78
Cl(]) 2 100 0.6734 17.19 12.78

Table 4.3  Best results obtained for each measure evaluated the Satimage database

Measures C y Value | Average Generalization
Loss(%) Error (%)
Average Loss 5 1 0.1091] 10.91 9.92
Generalization Error 20 1 0.0969 11.06 9.69
Difficulty () 0.1 0.25 0.1586 15.37 15.10
Ambiguity (T) 200 6e06 0.0800| 32.94 29.30
Double Fault () 50 1 0.0816| 11.08 9.77
Disagreementy( 1000 0.25 0.0787 12.37 10.59
Kohavi-Wolpert () 1000 0.25 0.0386 12.37 10.59
Generalized Diversity|() 1000 0.25 0.3181 12.37 10.59
Q Average () 1000 0.25 0.9568 12.37 10.59
Minimum Margin (sum rule) {) 50 1e04 0.2000| 26.59 26.52
Average Margin (sum rule){ 5 1 0.7818 10.91 9.92
Cl (sumrule) () 50 1 04622 11.08 9.77
Minimum Margin (max. rule){) | 50 0.01 0.2000 26.59 26.52
Average Margin (max. rule){ 5 1 0.7853 10.91 9.92
CI (max. rule) () 50 1 04442 11.08 9.77

the first one, we can group diversity measures that were “lyéaidated, such as: Qaverage,

Disagreement, Ambiguity, and Kohavi-Wolpert variance sugas. On the other hand, Gen-
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Table 4.4 Best results obtained for each measure evaluated the Letter database

Measures C 0 Value | Average Generalization
Loss(%) Error (%)
Average Loss 10 1 0.0456| 4.56 3.44
Generalization Error 20 1 0.0336| 4.58 3.36
Difficulty () 5 1 0.1298| 4.71 3.80
Ambiguity (1) 1 25 0.1685| 29.94 24.93
Double Fault () 20 1 0.0275| 4.58 3.36
Disagreement( 1 25 0.1247| 29.94 24.93
Kohavi-Wolpert () 1 25 0.0611| 29.94 24.93
Generalized Diversity]() 500 0.25 0.4063 6.02 4.31
Q Average () 2 25 0.9526| 28.79 23.78
Minimum Margin (sum rule){) | 10 4 -0.2000 4.77 3.47
Average Margin (sum rule)j 10 1 0.9088| 4.56 3.44
Cl (sumrule) () 20 1 0.1247| 4.58 3.36
Minimum Margin (max. rule)() | 20 0.25 0 4.69 3.45
Average Margin (max. rule) 10 1 0.9142| 4.56 3.44
CI (max. rule)() 20 1 0.1086| 4.58 3.36

eralized Diversity, Difficulty, and Double-Fault measubedong to the second group denoted
as “strongly"” related. Yet concerning this last group, Dietbault measure was more related
to the ensemble accuracy, followed by the Difficulty and Galiee Diversity measures which

were slightly less correlated to the ensemble errors. 8mdnclusions about the behaviors of

the Double-Fault and Difficulty measures have been alsonaatin [69].

4.4.1.2 Margin results

In particular, we have evaluated the main measures proligede margin theory: minimum
margin, cumulative margins distributions, average margidC'/. Based on the results, we
could observe some interesting insights on this theory herdriajority vote accuracy. For
instance, in the literature, the maximization of margingraming data is commonly pointed

out as responsible for decreasing the generalization emréuture test sets [99].

So, in a first moment, we would expect that maximizing the mum margin for ensembles

should be accompanied with the minimum generalizationrekowever, the fact is that the
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Figure 4.1 Results for ensembles with the best combinatiores C' and v
parameters on two different perspectives over the P2 datalse. (a)
Ensembles with the best value fixed and varying-~, and vice-versa in (b).
The vertical dashed lines indicate where the minimal genel&ation error
was attained.

minimum margin measure have shown great instability. T&ibdcause, as it can be seen

in Figure 4.2 (a), the tracking of the maximum minimum margg@m be quite difficult, since
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many different values can be achieved even around the bestrdae. In light of this, the greed

maximization of the minimum margin may not be satisfactorysearching the best ensembles.

On the other hand, the results reported with cumulative mardistributions have shown us
such relation. As examples, we have plotted some resultdvimg high and less performing
ensembles over the Satimage problem in Figure 4.6. Frone tlessits, it can be seen that the
ensembles with the best performances (i.e. composed ofattaengters” = 20 andy = 1
andC = 50 andvy = 1), have actually reached larger margins than ensembles|oviter
performances (e.g witlh’ = 1000 and~y = 0.25 pointed out by some diversity measures),
since their margin values are more concentrated at the nuawiwalue (i.e. around 1, which

produces the lowest curves).

In addition, the results with the average margin measure o demonstrated that classifier
ensembles with large margin values are very performingadt, fwve have observed that this
measure is very stable. Thus, we can particularly assdristin@ore relevant to concentrate on

the average margin than only on the minimum one.

However, although the average margin over test instangeegents an estimate of expected
margin for a classification problem [111], after an analydishe results, it is clear that this
measure is strictly related to the average loss (mean ext@yof the base classifiers composing
an ensemble and not exactly to its generalization error. llTietiate this, we can see that
the maximum values of average margin correspond to the mimivalues of average loss in
Tables 4.2, 4.3, and 4.4, and also in Figures 4.1, 4.2, and 4.4

Therefore, maximizing the average margin points out themides composed of the strongest
individual members in a given pool. In general, this factas much interesting because there
is a great tendency that in a limit of the highest possibléviddal performances, the base
classifiers will be very similar, with so low diversity thaiir team may not reach the maximum
majority vote accuracy. As a consequence, despite of makedimes the maximum values of
average margins accompany the minimum values of gendrahzarror for some ensembles,

usually those with the maximum average margin and minimunegdization error (majority
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Figure 4.6 Some cumulative margins distributions computean the Satimage problem.

vote error) in the extreme cases may slight diverge. It caselea in all results listed in Tables

4.2,4.3,and 4.4).

Taking this into account, based on two case studies, we heamired more carefully the
relationship between the expected generalization erteraiad the margins of the ensembles
with the lowest average loss and generalization error,ecsgly. In order to achieve this
analysis, we compare their histograms formed by frequerafienargins defined by Equation
4.16 computed for all samples in the test set. They are d&pintFigures 4.7 (a)-(d) for the

Satimage and Letter problems.

Based on these results, it is possible to observe that emsemiih the lowest generalization
error (Figures 4.7 (b) and (d)) have obtained margins withenpdurality of values than those
ensembles with the lowest average loss (Figures 4.7 (a)@hdThus, it is clear that while

ensembles with very performing members reach high valuesawfins, ensembles with the

lowest generalization error obtain margins relativelyhhigut also tend to produce values more
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Figure 4.7 Histograms of the margins frequencies from ensehtes with the
largest average margin ((a) and (c)), and with the lowest gearalization
error ((b) and (d)) from Tables 4.3 and 4.4 for the Satimage ad Letter

problems, respectively.

varied. These results have demonstrated how importantataade between the increasing of
the margins accompanied of some variance between the elesemimbers. This explains why

the results obtained with the Cl-measure were the mostlatetewith the ensemble accuracy
regarding all measures tested. Now, after reporting thiiatran of all measures and relating
their results to the ensemble accuracies, we present asdisouon the relationship between

these two theories and their application as objective fandb ensemble selection processes.
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4.5 Discussion

In this chapter we have tested various measures for theadu@iuof classifier ensembles. In
particular, we could observe that the most appropriatersityemeasures to evaluate or select
ensembles are: Generalized Diversity, Difficulty, and Detfault measures. The other mea-
sures that regard only the variance of the outputs and natdnedual members performances,
such as Disagreement, Ambiguity, Kohavi-Wolpert, etc Hasen proved to be inadequate for
such tasks. Thus, we can assert that the relationship betwest of diversity measures and
accuracy is not so strong. This fact explains why seekingrdity explicitly may be inef-
fective to point out ensembles with optimal generalizapenformance. Besides, it confirms
the Accuracy-Diversity dilemma, which states that hightgwrate classifiers cannot be very
diverse [69]. In other words, it means that the base classifiee strong, but also with some

variance among them.

On the other hand, we could observe that only the increaditigeonargins over a dataset may
be an interesting option for selecting classifier ensembiegontrast, the minimum margin
measure seems not to be stable, and average margins indicstensembles composed of the

strongest individual classifiers, but not with the best aarsweombined.

By analyzing the results we have also seen that the divars#igsure Double-Fault and the
margin-based measure Cl-measure were the two measuregetaiszl to the generalization
error over all the problems. From this point of view, the tielaship between the diversity and
margin theories becomes strong. This is because, the diga@oa error can be well estimated
by the combination of high performing base classifiers (gh high average margins) and a

relative diversity between them.

Taking this into account, both Double-Fault and Cl-meas@em promising to be used as
objective functions for the selection of classifier enserablIThis is probably because strong
classifiers were available and both measures tries to dextba probability of identical er-
rors. However, as Double-Fault is a pair-wise measure, dnéirtality of the final ensemble

selected must be specified in advance. Otherwise, theiresalisemble will always have the
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minimum number of classifiers, i.e. 2. On the other hand, them€asure does not share the
same problem. The boundary provided by the Cl-measure stednesa good measure for the
selection of ensembles. Besides, it has the advantagehthaiatance between accuracy and
diversity is explicit: while the average margin is relatedhe strength of the base classifiers,
the variance of the margins can be seen as diversity repgessbyg the variance between the
base classifiers. In light of all these results, and base&p@arenental results presented in the
appendix 1V, we have decided to employ this measure as padradecision module respon-
sible for the selection of ensembles, which is describet wifr framework presented in next

chapter.



CHAPTER 5

A DYNAMIC OPTIMIZATION APPROACH FOR ADAPTIVE INCREMENTAL
LEARNING IN STATIC ENVIRONMENTS

In the previous chapters we have studied important aspedaisdier to develop an adaptive
classification system. Regarding the former, we have seemthortance of well tuning and

updating the parameters of classifiers overtime, since th@yvary depending on the data
available. So, the aim was at developing a method able talsdar optimum parameters

values, and at the same time efficient to adapt new solutioegtled. Then, considering that
the use of ensemble of classifiers can overperform singleetapelspecially when its members
are selected and the level of uncertanity is high, we havestnyated several measures to
evaluate and select ensemble. The results showed that regdmsed on the margin theory
are promising to deal and select ensembles, once they rdgactly the degrees of confidence

of classifiers.

From these standing points, in this chapter we propose aaudthperform adaptive incre-
mental learning based on these two principles: (1) to inergally accommodate new data
by updating models, and (2) to dynamically track new optinaystem’s parameters for self-
adaptation. Thus, the underlying hypothesis herein istalsonsider the incremental learning
process as being a dynamic optimization process, in whitimopm hypotheses are dynam-
ically tracked, evolved, and combined overtime. Likewise, have achieved with the SVM

model selection processes carried out overtime in a gradaaling scenario.

In particular, the proposed method relies on a new framewws&rporating different tech-
niques, such as single incremental Support Vector Mach#¥\) classifiers, change detec-
tion, dynamic Particle Swarm Optimization (DPSO), and findlynamic selection of classi-
fier ensembles (EoC). Thus, the goal is to update, evolve amthime multiple heterogeneous
hypotheses (i.e. models with different parameters and ledge) overtime to maintain the

system’s optimality w.r.t. internal parameters, compatatl cost, and generalization perfor-
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mance. As mentioned before, the use of ISVM ensembles irsthdy is justified based on
two main evidences found in literature. First, as the cfasgion success of SVMs does not
depend on the dimensions of the input space, SVM is a robasssifiler against the well known
curse of dimensionalitypnainly involving small data sets. Therefore, it is very attegeous
for incremental learning situations. Second, SVMs ensemaie employed because they can
often overcome single models’ performances, especialgniteterogeneous (in terms of hy-
perparameters values) base classifiers are used and thefleveertainty is high, i.e. when
only small sample sets are available [116]. We illustraig ¢bncept with an example in Fig-
ure 5.1, which shows that three different optimized sohgia.e. s, s, andss can produce
different classifiers’ decision boundaries in (b), (c), &dpbased on a same small training set
of 84 samples. Because of this, the use of multiple solui®wery interesting, since each op-
timized solution may represent the same problem in difteneys. Eventually, the proposed
framework provides contributions on strategies to optex@rd overproduce classifiers, as well
as the application of memory-based mechanisms for solwngmic optimization processes.

This latter is a promising and ongoing research area [37].

In addition, we validate the proposed method and show itsieffity through experiments with
synthetic and real-world databases. Results in single artie classifiers configurations are
compared with those obtained with these strategies: SVMniged with PSO in batch mode,
incremental SVM with parameter values beforehand fixed,ihecemental capable classifiers
(1-NN and Naive Bayes) widely applied in incremental leagrstudies. These classifiers are
tested because their performances are considered “rioAldegespect to their batch versions
[87]. An incremental ensemble strategy with optimized paeters and different combination

rules is also employed for comparisons.

As additional purposes, we try to verify if (1) incrementahining with SVM can achieve

similar performances to those obtained in batch mode, @attaptation of system’s parame-
ters over time is actually a dynamic optimization problerd hence important to achieve high
performances, (3) the dynamic selection of ensemble cahttebetter results than by simply

combining all pool of classifiers available.
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Figure 5.1 Examples of different classifiers’ decision boutaries in (b), (c),
and (d) trained from three optimized solutions, i.e.sq, s,, and sz in (a) on the
same small training set of 84 samples.
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The remaining of this chapter is organized as follows. Iniea&.1 we introduce the proposed
method for adaptive incremental learning. Experimentslts and discussions are reported in

sections 5.2 and 5.3, respectively.

5.1 The Proposed Approach

So far, we have seen that, traditionally, researches oenmental learning regard the classi-
fiers’ parameters setting as a static process, i.e., pagasnelues are initially set (e.g. based
on standard values or estimated over the first datachunkabia), and kept infinitely fixed.

However, optimum hyper-parameters values may shift oves#arch space during the evolu-
tion of the data. As a consequence, classifiers with obswittmal parameters (mainly those
related to regularization) will disturb and ruin the sys®aopdating in terms of generalization

power and complexity of models.

The proposed method herein for adaptive incremental legroptimizes, selects, and com-
bines incremental SVM classifiers overtime. More specific#tlis designed to dynamically

point out optimum solutions for sequences of data®¥ts) by using the best solutions found
so far, or by starting new dynamic optimization processeswA employ incremental support
vectors machines as our base classifiers and dynamic pastielrm optimization for search-
ing optimum hyper-parameter values, each solusioepresents a particle codifying an SVM
hyper-parameter set, e.§C, v}. Change detection mechanisms monitors novelties in the ob-
jective functionF, and indicate how the system must act. The models genersgagdated
from incoming data, and then dynamically selected and coathinto an ensembt& . Details

on the framework of proposed approach are described below.

5.1.1 Framework for Adaptive Incremental Learning (AIL)

Our framework for adaptive incremental learning is complasfeive main modules, as shown
in Figure 5.2 and listed in Algorithm 4. change detectiom@edd grid-search, dynamic particle
swarm optimization (DPSO), incremental support vector mrees, and decision fusion. In

particular, this framework represents many upgrades aticgl to our first version introduced
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in [57], such as the use of incremental classifiers, dynaetextion and building of ensembles

from optimized models. Below, details on each module argigeal.

Theupgrade_stnandrecall_stmfunctions are respectively responsible for storing andenet
ing optimized solutions and important data from the sysse@fiort Term Memory (STM)A
represents a set of data composed of support vectors and relevant sampleglected dur-
ing the training of the final classifier from the best particle Therefore A = {sv* U rs},
wheresv* means support vectors obtained from the final incrementaleibt* trained with
hyper-parameters found by best partisie SV denotes the set of support vectarsfrom
incremental models obtained after final training oflparticles from a Swarns(k — 1), i.e.

SV = {sv;}I_,. C represents an ensemble composed of all models (i.e. obas}ifit;.

So,C = {M;}Z,, whereP is the maximum number of optimized solutions. Finally, for
sake of simplicity, in the equation®)(k) represents the merge of new data and the current
knowledge stored by the method (i.A, as defined above, is composed of relevant samples

and support vectors detected by the best solution foundso fa

Algorithm 4 Adaptive Incremental Learning (AIL)

Input: A training set of dat& (k).
Output: Optimized SVM classifier/fensemble.
recall_stm¢*(k — 1),S(k — 1))
if thereis aS(k — 1) then
Check the preceding best solutigit{k — 1) regarding the datas@(k)
if Change_Detection{(k — 1),D(k)) then
Activate the adapted grid-search module and get solstidn
if Change_Detectior((k),D(k)) then
Activate the DPSO module
end if
end if
. else
Activate the DPSO module
. end if
. upgrade_stns((-),S(+))
: Train/update/combine the final incremental SVM classiffeesn incoming dataD(k),
A(k), andSV.
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Figure 5.2 General framework of the proposed method for incemental
learning with dynamic SVM model selection.A represents a set of datasv*
composed of support vectors and relevant samples selected during the
training of final model M from best particle s*. SOA = {sv* U rs}, where
sv* means support vectors obtained specifically from final modeM trained
with hyper-parameters found by best particles* and SV = {svj}le denotes
the set of support vectorssv from models obtained after final training of all
P particles from a swarm S(k — 1).

5.1.2 Additional modules

As this new framework is built based on similar componentsaaly introduced in our first
framework presented in chapter 3, for sake of simplicitythis chapter we outline only the
major modifications added to its original version. Such rficdiions are mainly related to
the creation of two modules: one for incremental learninthwupport vector machines and

another to fusion and select classifiers into optimizedraibées. They are both decribed below.

5.1.2.1 Incremental Support Vector Machine Module

In this thesis, we implement an incremental SVM version base the Syed et al. method
[109] due to three reasons: (1) it focus on the updating ofetsdver sequences of datasets
overtime, (2) this method has produced the best resultssrctmparative study [35], and (3)
it does not require the tuning of extra-parameters, which megd a careful setting, as it occurs
in [80, 95, 91, 35, 94, 1].
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This latter is important because the setting of extra pararsean be very critical. It is be-
cause they control when samples might be either exchangedgtemporary sets or when
learning processes should stop. Moreover, the SVM impleatien used in here [18] already
provides mechanisms to accelerate the SVM training thrabhghSequential Minimal Opti-
mization (SMO) technique. Therefore, it demands less caatimnal efforts than traditional

guadratic programming solvers, as shown in [92].

Like in [109], an incremental SVM modeW1; (k) is trained on the current training datachunk
D(k) and its historical support vectoss(k — 1) identified from a previous learning at a given
time k. However, unlike in [109] where only support vectors areedip our incremental SVM
module also retains additional training samples relying iinelevant region” which exceeds

the SVM margins in half of their sizes.

\\\ Region of rekevant o
saml es

Regi on of relevant
_sampl es R -

Figure 5.3 Example of regions defined around the SVM margin sgarating
two classes (circles and squares) in which relevant samplage selected from.
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It is interesting to note that, even if we fix this region asnigehalf of the margins, the size
of this region varies according to difficulties of classifioa problems (e.g. complex decision
boundaries, overlapping between classes, etc.) and Ipgvameters selected. Although the
storage of additional samples is not a desirable propertgdremental learning algorithms
[93], it is necessary because these additional samplesammte support vectors during opti-

mizations of SVM hyper-parameters in the future.

Algorithm 5 The incremental SVM module

1: Input: Current datachun®(k), relevant sampless(k — 1), modelM;(k — 1).
Output: SVM modelM;(k — 1) updated.

sv =selected_support_vectovt;(k — 1))

working_set = D(k) U sv(k —1) Urs(k —1)

M;(k — 1) =train_svmworking_set)

5.1.2.2 Decision Fusion Module

The decision fusion module dynamically selects, and coewhincremental classifiers into
ensembles. Our dynamic selection strategy is implemerdsddon a generalization bound

introduced in [8], which we first studied its application fgtatic’ SVM ensembles in [54].

In this dynamic strategy, only classifiers whose combimatinimizes this bound (called here
C'I measure) are selected to compose the final ensemble. Inyartithis measure is com-
puted asC'I = o(7)/u(7)?, whereo and . denotes the variance and the average calculated

over the set of margins from samples of the current training set, respectively.

The margin of a sample; represents a degree of confidence in its classification.cBihgiit

is calculated as the difference between the decision stig@msigned to the true clasminus
the highest support estimated for any other clgsse. 7 = ¥;(x;) — max;=1,....{¥;(x:)}.

In here, for a single classifier, the decision support fores<j is denoted g;tthe posterior
probability assigned to it. In the same way, for an ensemimeposed of classifiers with output
probabilities, the decision support for a clgsts the average over the posterior probabilities

assigned to it by each member.
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The selection process is performed as follows. First oftlaél,pool of classifier€(k) gener-
ated fromS(k) are sorted according to their respective individual comiigelevels (average
margins). Then, the selection process starts by addingsaifita at time until reach the max-
imum number of classifiers, i.e. number of particles Each time a classifier is added, the
C'I selection criterion is recomputed. The best ensembletselét is that whose”' I value is

minimal.

Thus, the key idea is to select the ensemble with the strorigeshe highest confidences, and
less correlated classifiers over the current training setallly, once the best ensemifé is
selected, they are combined using weighted average votisgdon classifiers’ performances.
Although with different criteria, forward searches for bexssembles seem to be very promising
[114].

In order to calibrate the outputs of the SVM in estimates obpbilities, we use the approach
introduced by Wu et al [39], which is implemented in the LIB8\software [18]. In such
approach, givert classes of data, for any, the goal is to estimatg, = p(y = i|z),i =
1,..., k. The estimated pairwise class probabilities for multsslalassification is defined as

rij ~ ply =iy =ior j,x), thatis, using the implementation of Lin et al. [76]:

(5.1)

1
i N AF+B

whereA and B are estimated by minimizing the negative log-likelihooddtion using known

training data and their decision valugsThep; from all r; ; IS obtained by solving:

mlnp% Zle Zj:j;éi(rj7ipi — TZ'Jpj)Z SUbJeCt tOZle Pi = 1, Pi 2 0, \V/'l (52)

Based on this framework, therefore, the proposed methapistte of evolving and accommo-
dating new data by automatically selecting internal hypemameters, updating, and combining
incremental SVM classifiers. The experimental protocol masailts obtained are described in

next section.
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5.2 Experimental Protocol

In order to validate the concept of adaptive incrementahieg system as well as to show
efficiency of proposed method, the following experimentakpcol has been carried out. First
of all, to characterize with more impact the occurrence gfypation drifts, the original train-
ing sets were divided into small datasets. The total numbdatasets and their sizes were
determined based on a minimum amount of samples requireeaftr class, which was set
to at least 16. The distribution of samples were firstly safeal for the class with the minor
number of samples, and then proportionally for the othessgda. Such procedure determined
the total number of chunks. Thus, the same original propomif samples per class was kept
in each datachunk. In other words, it means that if the oaigimoblem contains unbalanced

classes, this same real scenario is simulated in this erpatal protocol.

Therefore, as in most of the incremental learning appraadhés experimental protocol fo-

cused on incremental learning from datachunks with swetalde of samples at time, i.e. block
by block, and not one sample at a time, which is called onbné&stance by instance learning
[109]. A detailed description of the datasets and numbehohks used are listed in Table 5.1.
We have employed classification problems with different banof features, classes, training
and testing samples. As the proposed method uses a stadigstithm, the results represent

averages drawn over 10 replications.

Table 5.1  Specifications on the datasets used in the experints

Databases Number of Number of Number of Number of Number of
Classes Features chunks Training Samples Test Samples
Adult 2 123 48 3,185 29,376
Circle-in-Square 2 2 120 3,856 10,000
DNA 3 180 29 2,000 1,186
German 2 24 15 800 200
IR-Ship 8 11 8 1,785 760
Nist-Dig 1/2 10 132 36 5,860 60,089/58,646
P2 2 2 120 3,856 10,000
Satimage 6 36 25 4,435 2,000
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5.2.1 Strategies Tested

The following incremental learning strategies were tested

5.2.1.1 Batch SVM-PSO

In this strategy, the whole original training datasets aedufor selecting of optimum SVM
hyper-parameters and training the final model. The hypearpater selection process is carried
out with the PSO algorithm. This strategy represents an eaplower bound computed for
each problem, which allows us to compare the results olddoreancremental strategies with

a batch strategy.

5.2.1.2 Incremental no-less classifiers (1-Nearest Neight{1-NN) and Naive Bayes (NB))

These two classifiers were tested because they are widellpgadapin the incremental learn-
ing/concept drift literatures [119, 30, 87], since they emasideredo lessincremental learn-

ers, i.e. their results in incremental mode are similar tséhobtained in batch mode [87].

5.2.1.3 Incremental SVM (ISVM)

In this approach, an incremental SVM classifier tailoredfi@09] is updated from successive
datachunksD(k). Its hyper-parameters are firstly tuned with PSO over theé diasachunk
D(1), and then kept fixed over all the other datachunks. No retesamples are kept during

incremental learning process.

5.2.1.4 Optimized Random Aggregation (ORA-DMS)

This method represents a common incremental ensembleatprmore specifically, a ran-
dom aggregation approach as described in section 2.4. & theonsists of combining SVM
classifiers with optimum hyper-parameters values traimech findependent datachunks in a
serial way (i.e. one classifier by datachunk) [119]. Two coration rules were tested with
this scheme: majority and simple average voting. We set lwsdmum ensemble size to 20.

When the total number is reached, the oldest model is replacehe new one.
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5.2.1.5 Single Incremental SVM (IS-AIL)

This approach denotes the proposed method in single classifide (i.e. only the best solution
found so far is used by the decision fusion module). In otteda, when only one incremental

SVM classifier and its respective hyper-parameters aretagdeom every datachuriR(k).

5.2.1.6 Incremental EOC-DMS Swarm-based (IEoC-AIL)

The proposed approach in EoC mode presented in section betefbre, it is employed with
its full capacity, i.e., dynamically updating, selectimgmd combining the ISVMs into ensem-

bles.

5.2.2 Experiments Parameters Setting

We have used these parameters setting:

° Optimization Algorithms Parameters§he maximum number of iterations and the swarm
size was set to 100 and 20, respectively. The dimensionsegbarameters({ and~)
search space, where the maximum and minimum values weie[8ef 12!1], [271°, 217],
respectively. The DPSO topology used was llwat with A = 3. We also consider to
stop the optimization if the best value of fitness does notrawg over 10 consecutive

iterations.

. Objective Function Several objective functions have been proposed for sewydbr
optimum SVM hyper-parameters, e.g. radius margin boundn ¢mwund, etc. [20].
Unfortunately, these measures depend on certain assurapéi@. they are related to a
specific kernel or require a separation of the training sétout error, which are quite
strong for real-world problems. Thus, the minimizationloé generalization error from
v-cross-validation procedure is a good option A= 5 is used here as suggested in [18].

The results for each strategy are presented in next section.
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5.2.3 Obtained Results

The obtained results are presented in this section as felléivst of all, we examine the per-
formance of each strategy tested by evaluating their gérnatian errors achieved on each
database. Then, we analyze the data storage required arglexitynof models generated.
Finally, we discuss results related to the adaptation oélggrameters and combination/selec-

tion of ensembles regarding different functions and meshod

5.2.3.1 Performance evaluation

The generalization errors achieved by each strategy tas¢éecported in Table 5.2. These re-
sults were tested with multiple comparisons using the Kals$allis nonparametric statistical
test by testing the equality between mean values. The cowidevel was set to 95% and the
Dunn-Sidak correction was applied to the critical valueke Best results for each classifica-
tion problem and incremental learning strategy are showold. Values underlined indicate

when an incremental strategy was significantly better tharothers.

By analyzing the results in this table, we can see that SVMery wromising for incremen-
tal learning, since there is a relevant difference betwesnlts on the first datachunks, i.e.
SVM-PSO (O(1)), and results after learning all datachunks. It occurs évetith its hyper-
parameters were kept fixed with value found ®fil) (ISVM). Most importantly, we could
observe the efficiency of the proposed method as well as edachat adaptive incremental
learning clearly leads to better performances. That isumx#he single classifier version of
our proposed method (IS-AIL) has obtained better resu#te the common ISVM strategy. It
shows the importance of the adaptation of hyper-paramated<f the use of relevant sam-
ples during the incremental learning process. Besidesyuidcbe observed that the proposed
method (IEoC-AIL) has achieved results similar to, and siirmes, even better than SVM-
PSO in batch mode. The latter proves that the dynamic seteatid combination of optimum
solutions can actually improve the overall performancenefgystem. Figures 5.4 (a) and (b)
illustrate these results with two case studies conceriiage generalization error results with

the most performing strategies during different increrakleiarning steps at timés



Table 5.2 Mean and standard deviation of error rates obtaine after
learning from all subsets available. The best results conceing the
incremental strategies are shown in bold. Values underling indicate when
an incremental strategy was significantly better than the dters. Results
were computed over mean values draw from 10 replications

Databases Approaches tested
SVM-PSO | SVM-PSO(Q(1)) | 1I-NN NB ISVM ORA-MV. ORA-SA. IS-AIL IEoC-AIL

Adult | 15.55 (0.06)] 24.77 (0.80) | 24.06 24.05 23.93 (0.50) 20.07 (1.46)19.29 (1.53) 20.83 (4.34) 20.52 (1.60
CiS 0.14 (0.03) | 11.47(0.42) | 1.02 7.78 3.60(0.97) 3.91(0.63) 2.68(0.45) 1.43(0.80) _ 1(839)
Dna | 5.13(0.18)| 21.02(0.48) |23.69 6.32 8.43(1.48) 9.74(0.15) 9.14(0.20)__4GR5) 4.61(0.27)
German | 26.6(0.21)| 30.75(0.77) |34.50 31.00 29.60(1.26) 30.05(0.15) 30.01 (0.01) 28.8%2J0. 28.15(0.56)
IR-Ship | 4.86(0.35)| 14.42(0.37) | 9.21 30.92 7.93(0.44) 8.63(0.81) 8.33(0.73) 5.04 (0.55%.03(0.30)
NistDig-1 | 2.75(0.04)| 18.10(0.32) | 3.85 6.92 3.92(0.40) 8.39(0.05) 7.93(0.04) 2.71(0.042.64(0.01)
NistDig-2 | 6.68 (0.15)| 31.96 (0.37) | 7.97 13.66 8.42(0.29) 16.46(0.08) 16.09 (0.08) G®30) 6.27(0.07)
P2 1.64 (0.10) | 29.65(0.23) | 2.49 42.38 5.24(0.14) 13.26(1.76) 10.95(1.30) 4.80 (0.90) B0156)
Satimage | 8.06 (0.13)| 22.00(0.52) | 10.95 20.45 22.15(0.93) 18.09 (0.50) 17.69 (0.63) 8.837]0.2 8.14(0.17)

80T



109

Moreover, it could be seen that serial incremental enseayppeoaches (i.e. the ORASs strate-
gies, ORA-MV and ORA-SA) performed well especially on nogiata (e.g. as for the Adult
database), although not statistically superior than tbpgsed method in these tests. By con-
trast, the need of setting a maximum number of classifierstisrchinant for the performance
of these methods, since some knowledge may be lost whendestalassifier is replaced for a
new one. This is a drawback, because the results with a smgksmental learner (ISVM) were
better than these two ensemble approaches for some prof#egndR-Ship, German). These
results indicate that the updating of an existing ISVM dfeesmight be very advantageous
in relation to only combine batch learners (ISVMDRAS). The results with the ORA-SA ap-
proaches (ORA-SA and ORA-MV) have shown that the simpleaye@fusion function was
superior than the majority vote rule. Eventually, the dlzas'non-less"” incremental learners
NB and 1-NN have achieved the worst performances. The ordgmion occurred for the
CiS and P2 databases, where the 1-NN classifier outperfaimeexther methods tested, but of

course, with the inconvenience of storing all data.

5.2.3.2 Data storage and complexity of models generated

Concerning now the complexity factor of the ISVM classifigemerated, Table 5.3 summarizes
some results regarding the mean number of support vectmexdstip to the end of the incre-
mental learning process. By comparing these results, waaize that the dynamic adaptation
of the hyper-parameters during the incremental learninggss (IS-AIL) seemed to converge
to the results obtained in batch mode (SVM-PSO). In otheda/dt tends to identify about the

same number of support vectors than when the whole data aitalale for training.

In contrast, the incremental single SVM classifier strategh constant hyper-parameters
(ISVM) did not adjust its models as effect as the other SVMOP&hd IS-AIL strategies.
Of course, these results are related to the single classifigiegies. On the other hand, the
complexity of the ensemble version IEOC-AIL may be reldiMeigher, once the number of
classifiers is dynamically selected between 1 &nd hus, in spite of the fact that the proposed
method (IEoC-AIL) supplied remarkable improvements inmerof generalization power, it

can also turn the system more complex.
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Table 5.3 Mean and standard deviation of number of support vetors
obtained after learning from all subsets available

Databases Approaches tested
Batch - PSO ISVM IS-AIL
Adult 1176.50 (12.54) 1140.40 (57.85) 1178.7 (70.36)
Cis 35.40 (6.47) 24.50 (11.19) 30.10 (6.11)
Dna 628.40 (32.50)  385.90 (55.82) 640.90 (56.49)
German 306.7 (5.94) 735.80 (74.47) 426.20 (55.24)
IR-Ship | 320.70 (13.34) 291.10 (5.51) 347 (13.88)
NistDig 898.40 (30.45)  729.00 (21.56) 913 (27.56)
P2 161.40 (26.12) 82.50 (10.90) 113.00 (63.44)
Satimage | 1888.00 (93.51) 825.00 (66.92) 1855.30 (167.12)
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In addition, from these experiments, it can be seen one ofrtbst attractive advantage of
incremental learning approaches, which is its capabilityeducing the training set size. The

results are shown in Table 5.4.

The training size reduction rate was computed as follows:tthal database size minus the
total number of updating samples used by the proposed methibe last incremental learning
step divided by the total database size. It can be seen #atduction can be very expressive
for some problems, especially with two classes and no gqueirtg, such as for the CiS prob-
lem. The training size reduction is interesting becausedékerates the updating of classifiers,

mainly for multi-class problems (e.g. for NistDig with a tedion rate of 61.23%).

Additionally in the same Table 5.4, we also report the pewgs of relevant samples stored
by the proposed method with respect to the current total murob support vectors stored
and incomming data in the last incremental learning proc®gs can see that the number of
relevant samples may vary depending on each problem, nuohiotasses, data distributions,

and density of samples in such relevant regions defined biyntihemental module.

To better illustrate this reduction effect, we show comgams between the number of training
samples used by the proposed method and what should be gtbatch mode was employed
involving two problems in Figure 5.5. It can be noticed tha humber of training samples

retained during system’s updating processes can vary deyeon the problem and number of
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samples. For example in Figure 5.5 (a), the number of sangpasaller than in batch mode,
but it seems that the values will always increase. Howegit @an be observed in Figure
5.5 (b) for another problem, when more samples are learriedafonger period of time, the
number of samples stored may tend to saturate. Other twopgarwith the lowest and the

largest number of samples employed are depicted in Figueg@pand (b), respectively.

Table 5.4  Training set size reduction (%) by using incremenrdl learning
instead batch mode calculated over the last set (first columnProportion of
relevant samples (%) inside the last incremental training st used

Datasets | Training set size reduction (%) Proportion of relevant sampges (%)
Adult 47.28 7.97
CisS 97.86 19.56
DNA 44,59 18.02
German 31.40 12.54
IR-Ship 44.86 44.69
NistDig 61.23 53.59
P2 95.56 16.18
Satimage 19.85 45.71
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[__ICumulated Data M l:lCumuIated Data A
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Figure 5.5 Comparison between the number of training samplg used by
the proposed method and batch mode. The number of training saples
retained during system’s updating processes depends on facs such as the
overlapping between classes, margin width, and density omples in these
regions.
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Figure 5.6 Comparison between the number of training samplg used by
the proposed method and batch mode. The number of training saples
retained during system’s updating processes depends on facs such as the
overlapping between classes, margin width, and density omples in these
regions.

5.2.3.3 Onthe system parameters’ dynamism

These experiments also confirm empirically our underlyiggdthesis about the importance
of concerning the incremental learning process as a dynaptiicization problem. In order to
demonstrate this, we have depicted some results to exihédsttifting and tracking of optimum
solutions over the search space given sequences of dafasetsThrough a case study in
Figure 5.7, we show that the hyper-parameters selectiarepsarepresents actually a dynamic

optimization problem of type III.

In this example, the search space covered by optimum sohifenoted here as circles) is
depicted for each datas@t k) from the Satimage database in one replication. The differen
sizes of circles represent how the fitness varied betweeresalf 14.38% and 4.56%. The
symbol “*" indicates a best solution position found when wigole training data was used in

the searching process.

It can be observed that optimum soluticiis)* can vary in both fitness and hyper-parameters

values depending on incoming data at different incremdegahing steps. For instance, they
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can be located in a region for a given intervals of datachuelg betweerD(1) andD(7),

and then move to others, e.g. fB(8) andD(17), and finally forD(25). This fact, therefore,
demonstrates that this problem must be dealt as a dynamiuiepgation problem. It also ex-
plains why approaches with fixed parameters (i.exgm)) might perform in a sub-optimum

way, as shown in Table 5.2 when IS-AIL is compared with ISVM).
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Figure 5.7 Trajectory covered by the best solution found (acles) from
incremental steps for each new dataseD(k). The circles’ sizes illustrate
how the solutions’ fitness can vary. Symbol “*" depicts a bessolution
position found if the whole training data is used at once (bath mode).

Additionally, Figures 5.8 (a) and (b) report details on whimodule has pointed out these
solutions for each datasét(k) andC' and~ hyper-parameters, respectively. It can be seen
that in most of times, the best values for the hyper-paraméte/e changed and tracked by the
DPSO module. By contrast, in more stable cases, optimizedicos stored in the system’s
memory could be profited for new learning process by beindg @) or selected from the

adapted grid-search (AG) module. The frequencies of themdddules’ activations are listed in
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Table 5.5. In these experiments, the dynamic optimizatiodute has produced more often the
final hyper-parameter values solution, followed by seaaheer previous solutions (adapted

grid search or keeping the best one).
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Figure 5.8 Case study: example on how the solutions were pded out for
each datasetD(k), C', and v hyper-parameters when using IS-AIL.
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Table 5.5 Frequencies (%) of AIL modules’ activations over d the training datasets

Datasets| Best Kept Adapted Grid DPSO
Adult 28.13 15.42 56.45
Cis 7.33 11.59 81.08
DNA 16.90 8.97 74.13
German 12.00 18.66 69.34
IR-Ship 24.45 10.47 65.08
NistDig 6.67 10.56 82.77
P2 9.66 15.09 75.25
Satimage| 17.60 10.80 71.60

5.2.3.4 Onthe selection and fusion of solutions into enseleals

Turning now the focus on the dynamic selection of ensembleeisSo far in Table 5.2 we have
seen that combining solutions improves the overall systigraiformance. In this section, the
effect of our decision fusion module devoted to this taskulimed. First, Figure 5.9 depicts
a case study with the performances and cardinalities of tbpgsed method in single and

ensemble mode over a sequence of datachiiks from one replication.

Based on these results, and others already listed in Tabjét %s first demonstrated that the
dynamic selection of hyper-parameters and ensemblesyjisidgantageous to provide stability
during the incremental learning process and hence to aelhigher performances. Then, in
Figures 5.10 and 5.11, we can see some classifiers selecteatigimal pools distributed over

the search space for datasets outlined by squares in (a).

We can observe that ensembles with different cardinalite® selected for each timie when
either the optimized swar@#i(k) stays in the same position 5.10 or moves over the search space
5.11. That will depend on the problem complexity and curdatt. In the appendix V, we
present the whole sequence of swarms for each dafygetand complementary results that

confirm these same conclusions regarding another case study

Table 5.6 reports some results on the final cardinalitieainbt thereafter the last incremen-
tal learning processes. In addition, we also report theatians of cardinalities over all the

datasets and replications for three different databasegure 5.12.
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From these results, we can see that the number of classiéilested in the ensemble varied
around the mean size of the original pool of 20 members. Hewevwore variation among other
datachunks were noticed, what indicates that the dynar@ctsan of classifiers in incremental

learning mode is an open issue worth of deeper investigation
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Figure 5.9 Example of results involving performances and aalinalities for
each datasetD(k) for a given replication comparing AlL in single model
(IS-AIL) and ensembles dynamically selected (IEoC-AIL).
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Figure 5.10 Examples of classifiers selected and their origal pools
distributed over the search space for datachunks outlined Y the first square
(left side) in Figure 5.9. The entire sequence of swarms foraeh dataset
D(k) is presented in the appendix V.
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Figure 5.12 Results of EoC cardinalities obtained for eachaasetD (k)
over 10 replications over different databases.
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Table 5.6 EoC-AIL cardinality after dynamic ensemble seletton on the
last learning step

Dataset | Mean (Std) Median
Adult 13.40 (5.72) 15
CiS 13.00 (2.83) 12
DNA 7.60 (4.62) 8
German | 10.60 (5.80) 11
IR-Ship | 11.00(6.46) 13
NistDig | 8.80 (4.94) 11
P2 10.60 (6.98) 10
Satimage| 9.80 (6.12) 8

Ending, Table 5.7 lists some results obtained for diffe@ntfigurations investigated when
building our decision fusion module. Three combinationchions were employed (i.e. major-
ity vote, simple average, and weighted vote), and also theéection criteria, such as none at
all (all P classifiers are combined), half-best (A& best classifiers), and i@ introduced in

section 5.1.2.2). By analyzing these results, as occumethé ORAs strategies in Table 5.2,
the simple average combination function achieved betsedtethan the majority vote rule and
similar to, or slightly worse than, the weighted vote apptie dynamically selected ensembles.
Moreover, these results illustrate the importance of dyinasalection of ensembles, since it
improved the results in relation to whole ensembles contbimigh majority voting. This is

possible because they ignore classifiers that could ingeré dias in the ensemble’s decision

and disturb their performances.

Table 5.7 Mean errors obtained with IEOC-AIL concerning different
combination functions and ensemble selection rules afteelrning from all
series of datachunks available

Databases Approaches
Majority vote Simple Average Weighted vote
All P half best All P half best Cl Cl
Adult 24.03(0.16) 24.02(0.15) 23.62(1.39) 21.58(1.54) 20.52 (1.7[1) 20.52(1.60)
CiS 2.76 (1.49) 2.64(1.47) 2.36(1.18) 2.35(1.19) 2.26(1.12) 1.35(0.29)
Dna 4.87(0.22) 4.71(0.26)] 4.72(0.26) 4.65(0.29) 4.61(0.27) 4.61(0.27)
German | 30.00(0.24) 30.00(0.24) 30.05(0.15) 29.95(0.49) 28.95(0.3p) 28.15(0.56)
IR-Ship 4.17 (0.15) 4.20(0.13) 4.12(0.26) 4.07(0.23) 4.03(0.32) 4.03(0.30)
NistDig-1 | 2.65(0.04) 2.65(0.04) 2.65(0.05) 2.65(0.04) 2.64(0.03) 2.64(0.01)
NistDig-2 | 6.28(0.60) 6.27(0.09) 6.27(0.07) 6.27(0.07) 6.27(0.07) 6.27(0.07)
P2 8.76 (7.43) 6.58(5.12)| 5.45(4.32) 4.94(3.41) 4.18(1.56) 3.17(0.56)
Satimage | 8.34(0.19) 8.31(0.22)| 8.18(0.16) 8.17(0.16) 8.14(0.18) 8.14(0.17)
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5.3 Discussion

We proposed a modular dynamic optimization approach toparadaptive incremental learn-
ing. The proposed method generates classifiers from optinegions of parameters search
space, and then dynamically selects ensembles based olaslsdiers’ confidence levels to
improve the overall results. Different from classical nogth considering the incremental sys-
tem’s parameters setting in a static way, we showed thatptiisess should be treated as a
dynamic optimization process. This is because their optinparameters values may shift

over the search space depending on incoming data.

Through experiments on different synthetic and real-wathldases, we empirically demon-
strated that the dynamic optimization of an incrementadsifecation system could improve its
performances, so that they could overcome classifiers withdaptation and other classical
methods. Therefore, the performance of a classificatiotlesydepends further than on updat-
ing of existing models only, but also on adapting its intéparameters. Furthermore, it was
seen that the application of the latter with a multiple dieessapproach becomes the classifi-
cation system more flexible and, at the same time, robustgidopning incremental learning

and dealing with population drifts.



CONCLUSION

This thesis focused on the implementation of a classifinagigstem to perform adaptive in-
cremental learning. Towards the building of the system,afiarts were concentrated on the
problems of efficiently accommodation new data, adaptatfanternal system’s parameters,
and combination of multiple hypotheses. We have seen tinaihgahese problems is crucial

to increase the overall performance of the system.

In our first investigation, we have seen that a well tuning@mdiating of classifier’s parameters
with respect to new data is very important to reach high perémce overtime. In order to
solve this problem, two main challenges were involved: ¢l9wercome common difficulties
involving optimization processes, such as the presenceutti-modality or discontinuities
in the parameter search space, and (2) to quickly identifymapn solutions which fit both
historical and new incoming data. To cope with these twodssthe SVM model selection
problem was undertaken as a dynamic optimization problemwiiepends on available data.
In particular, it was shown that if one intends to build e#fiti SVM classifiers from different,
gradual, or serial source of data, the best way is to consiemodel selection process as
a dynamic process which can evolve, change, and hence eatjtferent solutions overtime

depending on the knowledge available about the problem acertainties in the data.

In particular, we introduced a Particle Swarm Optimizatiased framework which combines
the power of the swarm intelligence theory with the conwamdl grid-search method to pro-
gressively identify and sort out potential solutions foadmally updated training datasets. The
idea was to obtain optimal solutions via re-evaluations refvjpus solutions (adapted grid-

search) or via new dynamic re-optimization processes (@ynparticle swarm optimization).

The relevance of the proposed method was confirmed throyggriexents conducted on six
databases. Briefly, the results have shown that: (1) if P&Ppsied sequentially over datasets
as a whole optimization process (Chained PSO) with the mapbsaving computational time,
the resulting optimized solutions may stay trapped in looalima after successive hyper-

parameter model selection processes. On the other handltif@ugh full optimization pro-



124

cesses with PSO (Full PSO strategy) constitute an efficiagttar achieve good results, they
are very time consuming, particularly when applied to eaml dataset. (3) The performance
of DMS was very similar to full optimization processes, begd computationally expensive,
mainly due to the use of the dynamic optimization techniqUésis, the experimental results
demonstrate that the proposed method outperforms theitraali approaches tested against
it while saving considerable computational time. Howeesen if the optimization of a sin-
gle classifier is important to increase its performances ctimbination of different members
can improve the overall performance of a classificationesyst Mainly when the members

composing the ensemble are especially selected, whichala&m still more accurate.

Taking this into account, the evaluation and selection ohsilassifiers depend on the choice of
an adequate objective function. Therefore, in order taebeimderstand and employ classifier
ensembles for composing our adaptive incremental systetimeirtontext of this thesis, the

investigation of measures to perform such tasks proceddsdvbrk. We have empirically

analyzed several objective functions for the evaluatioth sm the selection of ensembles of
classifiers. In order to achieve this, we empirically inigetied classifiers fusion through the
relationship between two theories related to ensembl&sess, i.e. diversity measures and
margin theory, with ensemble accuracy. Most importantigytrevealed valuable insights on
how these two theories can influence each other and showenhusomfidence based measures

can be more interesting than diversity measures for thetsaheof classifier ensembles.

Finally, we proposed a modular dynamic optimization appinda perform adaptive incremen-
tal learning. It was implemented based on these two priasifb incrementally accommodate
new data by updating models and to dynamically track newnopti system'’s parameters for
self-adaptation. Thus, the goal was to overcome a problatattcurs when performing in-
cremental learning, which is the obsoleting of best set a$gification system’s parameters
according to incoming data. The proposed method relied oemaframework based on the
ideas and components mentioned above. The use of a modifisdvef incremental Sup-
port Vector Machine (ISVM) classifier and a dynamic stratégythe selection of classifier

ensembles were the main innovations in relation to our baseadwork. In particular, from
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this framework, the system’s optimality in respect to intdrparameters, computational cost,
and generalization performance could be maintained thrduggeneration of classifiers from
optimum regions of parameters search space and the dynal®atisn of ensembles based on

the classifiers’ confidence levels.

As a result, adaptations are realized in two levels, furthan by the incremental learning
aspect only, but also in the levels of base model parametetslecision fusion. Thus, un-
like classical methods considering the incremental systparameters setting in a static way,
we showed that this process should be treated as a dynanmaizgtion process. This is be-
cause their optimum parameters values may shift over thielsepace depending on incoming
data. As additional contributions, we provided insightsstrategies to optimize and select
classifiers, on the use of memory-based mechanisms, anadsefibr dynamic optimization

processes.

The proposed approach was validated and showed its effyjciermugh experiments with syn-
thetic and real-world databases, e.g. involving handemittigits, multisensor remote-sensing
images, forward-looking infra-red ship images, etc. Rissual single and multiple classifiers
configurations demonstrated that the proposed approaahllycbutperformed classification
methods often used in incremental learning scenarios. derethey also demonstrated that
the dynamic optimization of an incremental classificatigatem could improve its perfor-
mances, so that they could overcome classifiers withouttatiap and other classical meth-
ods. Therefore, the performance of a classification systgpermtds further than on updating
of existing models only, but also on adapting its internabpzeters. Furthermore, we have
observed that the application of the multiple classifierapph becomes the classification sys-
tem more flexible and, at the same time, robust for perfornmogmental learning and dealing

with population drifts.
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Future Works

The results obtained in this thesis were very encouraginga#so provide strong foundation
for future works. However, some issues were not investiydtee to time constraints. Thus,

probing deeper, the next stage and future directions ofésisarch might involve:

° Determining new strategies for making the system adaptabieal drifts. In this case,
the design of mechanisms to “forget” samples from the systeramory must be con-

sidered to discard old samples that be conflicting with nemcepts.

° Carrying on with population drifts situations, but usingseupervised learning to over-
come the dependency of labeled data. This direction regjtheedeveloping and embed-
ding of an approach in the framework to label the data befuged be used by the other

modules.

. Investigating new strategies for the selection of relegamiples and ensembles. The use

of information from different timeg could be also employed.

° Creating other strategies for better managing the systemisiory. As an example,
instead of using only a short term memory, the implementatiban additional long
term memory could reduce even more the time for searchingdarsolutions in those

situations in which data changes become recurrent.

Therefore, by following these directions the system sunelype even more versatile.



APPENDIX |

DATABASES

In this appendix we describe more details about some syatied real-world databases em-

ployed in this thesis.
1 Synthetic Problems

Synthetic problems are useful tools to evaluate learniggradhms. In our experiments, we

have used two synthetic problems already employed in thdimadearning literature:

. Circle-in-Square (CiS)14]: This problem consists of two classes. The decisiombeu
ary is nonlinear, and the samples are uniformly distribigtetiveen the range of 0 to 1.
One class is represented by a circle inside a square, wiailsetond class is formed of
data from the area outside the circle (see Figure 1.1). Taa af the circle is equal to
half of the square [14].

Circle-in-Sguare
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Figure 1.1 lllustration of the Circle-in-Square problem.

. P2[115]: The P2 problem also consists of two clasdear(d//). Each decision region

is delimited by one or more of the four simple polynomial angdnometric functions
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(i.e. Eq_4(x)) belongs to one of two classes (see Figure 1.2). We condidesame
modification onE'q,(x) suggested in [45], so that the classes have the same areatvith
overlapping. The samples are uniformly distributed betwedges of 0 to 10, and then

normalized between 0 and 1.

Eq (z) =2 x sin(x ) +5
E -2
() = (2 =27 + "
Eqs(r) = —0.12% + 0.6 x sin(4z) + 8
Eqi(z) = 2529 1 7,902

—e—Eq 1
—E—Eq.2

—o—Eq 4

Figure 1.2 lllustration of the P2 problem.

The data generated were normalized into a range of [0,1]rdcmpto min-max technique
defined by Equation I.2:; anda; are normalized and non-normalized values ofithdeature;

min; andmax; are the minimum and maximum value of thi feature in the entire dataset.

a; — man;
a; = (1.2)

max; — min;

As in the literature, each class is represented by 50% of the samples, thaPisy;) = 0.5.
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2 Real-world Problems

In this section we summarize two special real-world proldemployed in the thesis: NIST-
SD19 and the IR-SHIP.

° NIST-SD19 It is one of the most popular real-world databases used dtuate hand-
written digit recognition methods. Basically, it is compdsof images of handwritten
samples forms (hsf) from 0 to 9 organized in eight series.h&nliterature, it is com-
monly divided into 3 sets hsf-0123, hsf-4, and hsf-7, fomireg, validation, and test
respectively. Table I.1 depicts the number of samples foh eiggit class in the test set,
where the total number of samples is 60,089. In this work,ntla&imum number of

samples used for training is 5860 (586 samples per class).
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Figure 1.3 Examples of isolated digits from the NIST-DIG database [85].

The features set extracted from the images of isolatedsdigite the same suggested by
Oliveira et al. [85]. Basically, the features are a mixtureancavity, contour and surface
of characters, where the final feature vector is compose8»tbdmponents normalized

between 0 and 1. Oliveira et al. have obtained with this festget a recognition rate of
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99.13% on the test set samples from hsf-7 using a Multilagezdptron Neural Network

and a training set of 195,000 samples from hsf-0123.

Table 1.1  Number of samples for each digit class in the test $¢hsf-7)- NIST-SD19
Class 0 1 2 3 4 5 6 7 8 9
# 5893 6,567 5,967 6,036 5,873 5,684 5,900 6,254 5,889 5,813

IR-SHIP. The IR-SHIP database is a military database that consi@5d46 Forward

Looking Infra-Red (FLIR) images of eight different class#ships. The images were

provided by the U.S. Naval Weapons Center and Ford Aerospageoration. Images

and descriptions of the eight classes of ship are depictédgure 1.4. In particular,

we use the same features set employed by Park and Sklangkyfdéh implies in 11

attributes for each FLIR image. In particular, the first seattributes represent moments

and the others four remaining denoted parameters from aregtessive model. More

information about this database can be encountered in [3&ble 1.2 lists the total

number of samples for each class. In here, we divided theeentiginal dataset into

80% and 20% samples for training and test, respectively.

Table I.2

Class

1 2 3 4 5 6 7 8

#

340 455 186 490 348 279 239 2(

Number of samples for each class in the IR-SHIP dataase

8



1 - Destroyer

2 — Container

3 - Civilian Freighter

4 - Auxiliary Oil Replenishment

5 - Lauding Assault Tanker

6 - Frigate

7 - Cruiser

8 - Destroyer Guided Missile

Figure 1.4 Examples of FIR images from the IR-SHIP database$1].
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APPENDIX I

ADDITIONAL DYNAMIC MODEL SELECTION RESULTS

In this appendix we summarize some additional resultseeled our PSO-based framework
for the dynamic selection of SVM models over five differentadmses. A brief description on

the databases is listed in Table Il.1.

Segment, Splice, Mushrooms, and Usps are also database$4ffo The Segment database
contains instances randomly drawn from outdoor imagesh Eetance is a 3x3 region, where
each region represents a class, such as: brickface, slggdoletc. The Splice database is
composed of samples of DNA sequences, where the problemciagsify them into IE (in-
tron/exon) or El (exon/intron) boundaries. The Mushroomsdase includes descriptions of
samples corresponding to 23 species of gilled mushroomsh Eaecies is identified as defi-
nitely edible or poisonous. The Usps database is composiagfes of isolated digits with
300 pixels/in in 8-bit gray scale on a high-quality flat beditizer. Finally, the Svmguide

problem is a two-class database that involves an astrofgagipplication [18].

The results are presented according to the same critemstigated in chapter 3. First, we
report the results involving generalization error ratesnher of support vector, and computa-
tional time required in Tables 11.2, 1.3, and 11.4, respeely. Then, the average of frequencies

that each module was employed to identify the final soluti@depicted in Figure II.1.

Table Il.1 Databases’ descriptions.

Database | Numberof Number of Number of Number of Number of
Classes Features Training Samples Sets Test Samples
Segment 7 19 1,848 12 462
Svmguide 2 4 3,089 20 4,000
Splice 2 60 1,000 15 2,175
Mushrooms 2 112 6,498 24 1,626
Usps 10 256 7,291 17 2,007
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Table [I.2 Mean error rates and standard deviation values oer 10
replications when the size of the dataset attained the sizé the original
training set. The best results for each data set are shown indid.

Database | GS 1stGS  FPSO CPSO DMS
Segment | 2.81 4.33 2.78(0.52) 4.87(2.04) 2.80(0.9)
Svmguide |13.15 50  3.10(0.01) 3.97 (0.02) 3.11(0.07)
Splice 12.38  12.38 10.40(0.92) 11.9(2.10) 10.45 (1.10)
Mushrooms| 0.00  0.00 0.00 0.00 0.00
Usps 10.16 10.21 6.44(0.15) 8.41(0.19) 6.35 (0.08)

Table 11.3 Mean of support vectors and standard deviation vdues
obtained over 10 replications when the size of the datasettained the size of
the original training set. The best results for each data se&re shown in bold.

Database GS 1st-GS FPSO CPSO DMS
Segment 251 298 218.30 (79.39) 381.3(135.85) 281.7 (72.75)
Svmguide | 2801 3003 245.50 (7.90) 254.5 (3.44) 246.8 (5.37)
Splice 959 959 499.80 (176.85) 326.10(32.17) 444.50 (22.39)
Mushrooms| 1102 1102 240.80 (89.15) 245.10 (30.48) 244.30 (38.2]1)
Usps 4200 4199 1115.20(91.74) 1702.20 (164.70) 1152.50 (58.40

Table 1.4 Mean computational time spent (hh:mm:ss) for mocel selection
processes for the entire sequences of datasets with the mpsbmising
strategies. Results for the FPSO strategy over the entire dabases
(FPSO-all data) are also reported.

Database FPSO-all data FPSO CPSO DMS

Segment 00:01:51 (00:00:38) 00:04:15 (00:00:44) 00:02:11 (0OB@Y: 00:00:38 (00:00:43)
Svmguide | 00:43:24 (00:33:39) 01:44:03 (00:38:15) 01:10:12 (00:17:43)00:41:30 (00:39:07)
Splice 00:00:39 (00:00:12) 00:01:35 (00:00:20) 00:01:35 (00:00:1500:00:51 (00:00:23)
Mushrooms| 00:51:40 (00:07:37) 02:02:21 (00:08:53) 01:37:23 (0Qt@3: 00:01:39 (00:01:27)
Usps 06:10:53 (02:14:33) 14:13:41 (03:05:37) 12:35:26 (03BBB: 05:31:42 (02:46:18)
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Figure 1.1 Average of frequencies which indicates how manyimes each
module was responsible for pointing out the final solution.
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APPENDIX 1l

BIAS-VARIANCE DECOMPOSITION OF ERROR RESULTS

In this appendix we depict some results related to the Basakce Decomposition of the
Error theory for ensemble of classifiers introduced by Dajos[36]. We have used two
classification problems in the experiments: a synthetic(®2 and another with real-world

data (Satimage).

From this theory, we could observe that the lowest bias spomeds not always to the lowest
expected average loss. In fact, the best ensembles havieawbt higher variance, which
demonstrates that some variations among the ensemble meimbaportant to achieve better
performances. Results illustrating this fact are listedables 111.1 and 11l.2. Therefore, a

balance between bias-variance is indeed crucial for dpiredgerforming ensembles.

In addition, the Domingos’s decomposition of the varianm@ponent into unbiased and biased
variances allows to analyze the cases in which every measeras to provide the same result
with different ensembles. For instance, in Table 1.1 wedavo different ensembles, i.e. with
C = 5andC = 10, that present similar generalization errors. In this cseugh this theory
we can see that the former ensemble Witk 5 andy = 100 should be diagnosticated as better
than the second one because it has a slightly higher unbiasihce. In other words, both
ensembles provided correct answers, but the first one prdwdth more variated opinions

regarding the same dataset.

Furthermore, as demonstrated in [115, 116], we have alseredd that the value of thé'
and~ hyperparameters can actually determine different regadrisansition with high bias
or stabilized ones for both two-classes and multi-classellgms. Some examples of these
regions can be seen in Figures Ill.1 and 11l.2. Moreover, &g also see the influence of
the hyperparameter values when composing ensembles. Bowpéx for the P2 problem,
while lower values of regularization (i.e. far) results almost in no learning (Figure 111.1(a)),

the increasing of such parameters notably changes the ibelwvthe ensembles (Figures
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[11.1(b)-111.1(d)). The same observations can be outlif@dhe real-word multi-class database,
Satimage, in Figures I11.2(a)-111.2(d).

Table 11l.1 P2 problem

C| v Loss Bias Net Variance Unbiased Variance Biased Variancg
2 | 100 0.171912 0.1278 0.044517 0.070218 0.025698

5 ]100 0.171568 0.1295 0.042071 0.068568 0.026497

10| 100 0.171568 0.1295 0.042068 0.068468 0.026400

20| 100 0.172191 0.130400 0.041791 0.069552 0.027764

Table 111.2 Satimage problem

C |y Loss Bias Net Variance Unbiased Variance Biased Variance

5|1 0.109076 0.099174 0.009902 0.022404 0.014455
10| 1 0.109572 0.098422 0.011149 0.024493 0.015357
2011 0.110578 0.09692  0.013659 0.026521 0.014831
50|1 0.110834 0.097671 0.013163 0.026702 0.015582

Table 111.3 Letter problem

C |~ Loss Bias Net Variance Unbiased Variance Biased Variancg
10 | 1 0.045618 0.034444 0.011173 0.017773 0.009596
20 | 1 0.045849 0.033556 0.012293 0.018880 0.009698
50 | 1 0.046587 0.035556 0.011031 0.018520 0.010676
100| 1 0.046680 0.035333 0.011347 0.018702 0.010582
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APPENDIX IV

EXPERIMENTS WITH CLASSIFIER ENSEMBLE SELECTION

The goal of this appendix is to present some results relatttetselection of classifier ensem-

bles using the margin-based measure and the ensemble @cstudied in chapter 4.

In order to achieve this, we employ a common strategy calledrproduce and choose [42].
In this strategy, several classifiers are created by sone#ie generation method and then a
selection process is applied to choose the best ensemi®aiifhis, therefore, to (1) improve
the overall performance or/and to (2) decrease the contplekihe ensemble by reducing the

number of members.

In here, as we are interested in obtaining strong classifighslow bias, we considered the
adjustment of parameters before creating our ensembless, Tis experimental protocol can
be summarized as follows. First, the parameters of a bassifitat were set based on a grid-
search. In other words, given a set of parameters and thiealrigaining set, a five-fold cross

validation was employed to find the best parameter values base classifier.

Second, once the best parameters have been defined, iradigidssifiers were built based on
the Bagging ensemble generation method [5]. In this metbosemble members are trained
from L subsets composed of bootstrapped samples from the ortgaaihg data. Therefore,
if the original training set haa examples, a bootstrap replicate of it is constructed byntaki
n samples with replacement from it, where each example haskaabpility of 1/n of being

selected at each turn.

Third, once that the pool of base classifiers were alreadgrgéed, the minimization of the
ensemble generalization error rate and the Cl-measuretestssl as objective functions for the
selection process. The margins used by the Cl-measure wernguted according to Equation
4.17. In addition, our ensemble selection process was mmgaéed as an optimization process,
which employs a genetic algorithm (GA) and an optimizatiethod samples. Finally, thereafter

the best ensembles were selected for each database, tresieatexd on the respective test sets.



141

The description of each database used is listed in Table A§Naive Bayes, KNN and SVM

with RBF kernel were employed as base classifiers, we alsoatedthe best values found for

K, C andvy inthe same table for each database. The values tested BYiidyperparameters

are described in chapter 4, and ferwere 1,3,5. The final results represent averages over 30

replications.
Table IV.1 Information on the databases
Database| Number of Numberof Training Optimization Test Best Best
Classes Features Set size Set size Set size{ Cr
P2 2 2 100 100 10,000 1 10,100
Satimage 6 36 3,104 1,331 2,000 5 10,1
Letter 7 19 770 770 770 1 20,1

For each database, ensembles composed of 50 members wetterbugh the bagging method,

as previously explained. In addition, the genetic algomifrarameters were set as listed in Ta-

ble IV.2.

Table IV.2 Genetic algorithm parameter setting

Parameter Value
Population size 128
Chromosome siz€l)) 50
Probability of crossover 0.8
Probability of mutation| 1/L, i.e. 0.02

As each gene of a chromosome represents a classifier, ifteiere selected, all classifiers

composed the ensemble. The operations of crossover andionutgere implemented based

on the one-point crossover and bit-flip mutation, respettiv The results obtained and the

conclusions drawn from these experiments are presentée imext section.

1 Results

The results obtained in this experiment are reported foh eiatabase, single classifiers (K-

NN, NB, and SVM) in Tables IV.3, IV.5, IV.7. Results for theiginal pool of classifiers and

objective function employed are reported in Tables IV.46]W.8. The best results for each
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database are in bold and underlined if they are significdretier than the others. Additionally,
Figures IV.1, IV.2, IV.3 depict the generalization errotemand cardinalities achieved by each

ensemble type and objective function.

From these results, we can see that in general the miniroizafi the Cl-measure is very
promising for selection purposes because it selected venfpnning ensembles, and some-
times even better than those ensembles selected througtirimization of the generalization
error. In addition, regarding the complexity of the enseesbthis measure also selected en-
sembles with the lowest cardinalities concerning all typeslassifier ensembles tested, i.e
with NB, KNN, or even SVMs. Thus, it seems to be very advanvagefor both accuracy

improvement and ensemble reduction size.

Table IV.3 Obtained results with a single classifier on the P2roblem.

Classifier | Generalization Error (%)
K-NN 14.01
NB 28.80
SVM 13.90

Table IV.4 Obtained results with ensemble of classifiers ortie P2 problem.

Original EoC | Average Loss (%) Generalization Error (%)
EoC KNN 17.38 13.70
NB 30.50 26.29
SVM 17.23 13.04
Obj. Func. | EoC | Average Loss (%) | Generalization Error (%) | Cardinality
Gen. KNN 17.63 (0.30) 13.53 (0.63) 17
Error NB 30.79 (0.49) 25.75 (1.25) 15
(1) SVM 18.86 (0.88) 12.53 (0.46) 21
KNN 17.39 (0.20) 13.52 (0.38) 9
Cl(]) NB 30.58 (0.39) 25.93 (1.10) 12
SVM 17.40 (0.10) 12.46(0.20) 8




Table IV.5 Obtained results with a single classifier on the Samage problem.

Classifier | Generalization Error (%)
K-NN 10.70
NB 18.95
SVM 9.55

Table IV.6 Obtained results on the Satimage problem.
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Original EoC | Average Loss (%) Generalization Error (%)
EoC KNN 12.14 10.40
NB 18.97 18.70
SVM 10.23 9.40
Obj. Func. | EoC | Average Loss (%) | Generalization Error (%) | Cardinality
Gen. KNN 12.03 (0.05) 10.40 (0.17) 19
Error NB 18.82 (0.08) 18.55 (0.13) 16
(1) SVM 10.26 (0.05) 9.26(0.14) 19
KNN 11.94 (0.02) 10.26 (0.06) 15
Cl(]) NB 18.66 (0.03) 18.31 (0.02) 8
SVM 10.24 (0.00) 9.24(0.00) 9

Table IV.7 Obtained results with a single classifier on the L&er problem.

Table IV.8 Obtained results on the Letter problem.

Classifier | Generalization Error (%)
K-NN 5.46
NB 30.90
SVM 3.26

Original EoC | Average Loss (%) Generalization Error (%)
EoC KNN 7.19 5.45
NB 31.40 30.54
SVM 4.30 3.08
Obj. Func. | EoC | Average Loss (%) | Generalization Error (%) | Cardinality
Gen. KNN 7.17 (0.04) 5.47 (0.07) 16
Error NB 31.28 (0.07) 30.15 (0.18) 20
(1) SVM 4.27 (0.02) 3.04(0.07) 24
KNN 7.14 (0.00) 5.45 (0.04) 19
Cl(]) NB 30.96 (0.03) 29.82 (0.12) 14
SVM 4.26 (0.01) 3.06(0.03) 20
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APPENDIX V

ADDITIONAL ADAPTIVE INCREMENTAL LEARNING RESULTS

In this appendix we report complementary results involhong adaptive incremental learning

strategy presented in chapter 5.

1 Satimage - Swarm Results

In this section, we have depicted from Figure V.2 to V.6 th&rersequence of swarms in-
volving the case study presented in Figure V.1 in sectior8542 Through this example, it can
be clearly seen (1) the dynamism concerning the moving opé#ngcles and (2) the different

classifier ensembles selected from several dat@¥gts
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Figure V.1 Results concerning generalization errors and aalinalities for
each datasetD(k) for a given replication comparing AlL in single model
(IS-AIL) and ensembles dynamically selected (IEoC-AIL).
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Figure V.3 Seguence of swarms and corresponding particlegkected as
ensembles between the datasef¥(7) and D(12). The other swarms are
depicted in Figures V.4, V.5, and V.6.
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Figure V.6 Last swarm of the sequenceD(25) - DPSOL*(7)

2 Case Study - DNA results

This section presents further results and evidences oy siters parameters’ dynamism and se-
lection of solutions into ensembles for an additional casdys which corresponds to the DNA
database. The results are presented through illustrdotio&/ing the same way employed in
chapter 5 (sections 5.2.3.3 and 5.2.3.4).

First of all, we depict in Figure V.7 the trajectory coveredthe best solution found for each
incremental learning process over different dataB¥ts). Next, Figure V.8 shows an example

on how the solutions were found for each datd3gt) hyper-parameters when using IS-AlL.

Finally, the generalization errors obtained by combinihg solutions found are plotted in
Figure V.9. The sequences of swarms computed for each dd¥s¢ are listed in Figures
V.10, V.11, and V.12. Overall, these results also confirmstrae conclusions discussed in this

thesis and exposed in chapter 5.
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each datasetD(k), C, and v hyper-parameters when using IS-AlIL.



154

Error Rate

45 ! !
| —*— IS-AlL
S —— IEoC-AIL

40

T
— —_
&)

G

35

30

15

10

13)

0 | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Number of samples

Figure V.9 Generalization error rates and and cardinalities for each
datasetD(k) for a given replication compared to AlL in single model
(IS-AIL) and ensembles dynamically selected (IEoC-AlIL).



155

log(y)

log(y)

log(y)

10

_15 m_t—t—t_._t—t_’_c.—t—g,
10 10.5 11 115 12 125 13 135 14

log(C)

(a) D(1) - DPSOL*(5)

~10F

T T o T TN
Non-selected classifiers ]
Single best classifier ) &
Selected classifiers

15— @ c\ L I
8 9 10 %Bl 12 3 14

log(C)

(c) D(3) - DPSOL*(17)

10

—10F

-15
8

T : : o T ® @
Non-selected classifiers| Q
Single best classifier [5) Q|
Selected classifiers

£l 1 1
9 10 5X131 12 3;3 0 331:4
log(C)

(€) D(5) - BK/C*(13)

log(y)

log(C)

(b) D(2) - BKIC*(17)

10

10+

T T (0]
Non-selected classifiers|
Single best classifier

Selected classifiers

log(C)

(d) D(4) - AGIC*(3)

10 —® o T T 10 T T T
® o' @o 6 o o a o “e A
5- 51 1
ok Non-selected classifiers ok Non-selected classifiers i
Single best classifier Single best classifier
Selected classifiers - Selected classifiers
s
5
S
ey 5L i
-10 -101 B

T S N NN, S ), S
10 105 11 115 12 125 13 135 14

e @@

15— ———— @ 00-00—@9
8 9 10 11 12 13 14

10 T T o T @ @
Non-selected classifiers| ]
Single best classifier ° o
Selected classifiers
sk i
ok i
5L i
_10F i
_15 )
8 9 10 1 12 13 14

log(C)

(f) D(6) - AGIC*(5)

Figure V.10 Swarms and patrticles selected as ensembles been the

datasetsD(1) and D(6). The sequence continues in Figure V.11
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datasetsD(19) and D(24). The sequence continues in Figure V.14
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