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ABSTRACT

PERFORMANCE ANALYSIS
OF
STACKED GENERALIZATION

OZAY, Mete
M.S., Department of Information Systems

Supervisor: Prof. Dr. Fatoy. Vural

September 2008, 144 pages

Stacked Generalization (SG) is an ensemble learning technidjieh aims to
increase the performance of individual classifiers by combitiean under a
hierarchical architecture. This study consists of two majdsphr the first part, the
performance of Stacked Generalization technique is analyzedredggiect to the
performance of the individual classifiers and the content of teirig data. In the
second part, based on the findings for a new class of algoritratied dvieta-
Fuzzified Yield Value (Meta-FYV) is introduced.

The first part introduces and verifies two hypotheses by a sebmtolled
experiments to assure the performance gain for SG. The leaneiciganisms of SG
to achieve high performance are explored and the relationship between t

performance of the individual classifiers and that of SG isgtgated. It is shown

iv



that if the samples in the training set are correctlysiied by at least one base layer
classifier, then, the generalization performance of3@eis increased, compared to
the performance of the individual classifiers. In the second hgpis, the effect of
the spurious samples, which are not correctly labeled by any obabke layer
classifiers, is investigated.

In the second part of the thesis, six theorems are construcsed lba the
analysis of the feature spaces and the stacked generaliaatiutecture. Based on
the theorems and hypothesis, a new class of SG algorithnpizsed.

The experiments are performed on both Corel data and synllyajieaerated

data, using parallel programming techniques, on a high perforrarster.

Keywords: Ensemble learning, stacked generalization, pattern recogniti

parallel computing



Oz
Yl ILMI GENELLEME ALGOR MASININ PERFORMANS ANAL

OZAY, Mete
YUksek Lisans, Biliim Sistemleri

Tez Yoneticisi: Prof. Dr. FatoY. Vural

Eylul 2008, 144 sayfa

Y Im Genelleme Algoritmas (YG), bansz snflandrclar sradizensel
bir mimari alt nda birletirerek performanslar n artt rmay amaglayan bir topluluk
0 renme tekniidir. Bu cal ma, iki ana bdlimden olmaktadr. Ik bélimde,

Y Im Genelleme tekninin  performans, bamsz snflandrclarn
performans na ve @&im kimesinin iceriine gore analiz edilmiir. kinci Bolimde,
Meta-Bulan k Verim Deerleri (Meta-FYV) olarak adland r lan, yim genelleme

icin yeni bir algoritma geltirilmi tir.

Ik bolumde, YG’'nin performans kazanc n garanti edecek iki hipaeaulmu
ve do rulu u bir dizi kontrolli deney ile s nanmir. Deneysel analizlerde, bireysel
snfland rc lar n performans ndan daha yuksek performansanalaicin YG'nin
0 renme teknii incelenmi ve ba msz snflandrclar ile YG'nin performans
aras ndaki iliki aratrim tr. E er, eitim kimesindeki 6rnekler en az bir alt-
katman snflandrc tarafndan da snflandrirsa, YG'nin genelléirme
performans nn bams z snfland rc performanslar na gore arttgdsterilmi tir.
kinci olarak, herhangi bir alt katman snflandrc taraf ndaso ru

s n fland r lamayan parazit 6rneklerin etkisi incelenimi Herhangi bir alt katman
Vi



snfland rc taraf ndan dou s nfland r lamayan 6rnekleri elemenin YG’nin genel
performans n geltirdi i gosterilmi tir

kinci bélimde, YG'deki ard arda biama ilemi matris cebri ve geometrik veri
analizi ile incelenmitir. Oznitelik uzaylar nn ve mimarinin analizine dayalt a
teorem oluturulmu ve ispatlanmtr. Son olarak, deneyler, hem Corel verikimesi
tzerinde hem de sentetik olarak Uretilen verikimesi Uzerinde, kibaar ml
bilgisayar  kimesinde, parallel programlama  teknikleri kullzaka
gercekletirilmi tir.

Anahtar Kelimeler: Toplu 6 renme, y Im genelleme, 6runtl tan ma, paralel

hesaplama
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CHAPTER 1

PROLOGUE

“... and the Big Blue Cloud screamed “What is thepose of the life”

Athena whispered through the Wise Wildflower: “Nloé purpose but the process is
meaningful”

‘Learning is Love’

The epic of grand holy Athena, Book 1

Starting from the Babylonians, people employ conmgutmethodologies for
simulating their intelligence to satisfy their nauinstincts. In the struggle between
the human beings and the nature, they recognizatdthiey could succeed by just
having the power over the nature. For this purptissy, firstly, stole “the fire” from
the “gods”, in order to take the nature under acanising the power of the gods.

They believed that the nature could only be colgdoby understanding and
implementing the laws of the gods, which createsAitthe same time, they are
attracted by the beauty of the nature. In the dib@mof the attraction and the
repulsion, the passion has become the love anaidbeation.

Under that love and its many folded projectionschsias hate, wrangling,
glorification and admiration, people have worked atudied rigorously in order to
gain the information that will provide them the pawFor this purpose, they started
to model and simulate the nature, and use theselmdor their goals. As much



as they gain information, they noticed that themina has become more and more
complicated and their instinct has been evolvedaiatrol the ones that provide the
fire, which are the gods.

After a while, the human beings recognized thatritaén warriors of the nature
whom they should fight are themselves. Therefohey tstarted to employ the
intelligence to combat on a new frontier whichhie tntelligence of the humans. For
this purpose, the men have tried to model theligézice and create the intelligent
creatures, in other words, intelligent machinesnithe Abacus to digital era, they
keep inventing machines which provide monotonicaltyreasing power for humans
for the simulations and the controlling.

Throughout the centuries, the intelligent machirmeve evolved to digital
computers. However, the fundamental models andtsirei of human intelligence is
still in its infancy. In order to analyze the humbanain, the main conjuncture of the
intelligence have been divided into several sulblems, e.g., language processing,
machine learning, pattern recognition, and arafiantelligence by one of the human
instincts of the human beings in order to analyad eontrol the nature, which is
divide and conquer.

In pattern recognition, which is the focus of ttiissis, one of the main problems
is to project the objects of the nature through dbmputational representations, to
the artificial spaces that are created by the hgmianother words, we transform the
natural objects to mathematical spaces, which isenoomfortable to control the
nature under those spaces via the object repreéemstaOne of the approaches for
the solutions of this transform is to class theeoty§ and describes them under the
same labels, which is called clustering and thesdii@ation.

In the classification paradigm, since the main gdahe analyses is determining
the class labels of the objects, the methodologh®fanalyses is mostly focused on
the investigation of the feature spaces, classifinarules, classifier types, etc. The
feature spaces are used to represent objects iabsteact spaces. Therefore, the
selection of the “best” representation method plagsimportant role in the class
label determination. However, a successful methaglolfor the selection of the
“best” has not been constructed and left as antiveutask, which is the state of the

art, and abandoned to the engineers, which perdormather than science.



Another task in the determination of the objectss&s which requires the
selection of the “best” model that will perform thieest” clustering or the “best”
classification has been left as the state of the ar

Scientists are considered to solve such a huge minwuthe state of the art
problems as “The Black Artists” so the problemsaaked “The black art’”

In order to attack thblack artproblems several strategies have been developed.
One of them is employing the brute force, which mostly try-and-error method by
computational power. On the other hand, that metlogy has advanced in chaos
because of the limitations of the human beingstaadnachines, compared to almost
“unlimited” complexity of The Black Artproblems, in other words, huge amount of
parameters. Another problem of such a methodolsgihat it deals only with the
cause and the reason arguments, without the pratdestween the arguments and
the interaction, mathematically speaking, the ti@mnsation.

Another strategy to solve thiack artproblems is extending the present models
and the strategies through the multimodal architest such as model combination
methods, classifier ensemble methods, multilayedetsy hierarchical models, etc.
Similar to the human instincts and behavior, aswtised above, the instinctsTdie
Black Artisthave been evolved, and théack art problems have been mutated in
multimodal forms. In that case, thdack art problems have become the “best”
selection of the “best” representational model cmeits, the “best” classification
model combiners, etc.

Humorously, we followed our mutated instincts hg guidance oAthenaand
studied on controlling the nature by not focusimgtiee results, but the processes of
the models. In other words, we analyzedahewithout the concern of seeing it, like
the others, who looked and saw thkack, since they could not see the light of
Athenathat brighten thélackand transform into light.

In the present work, thilack artproblems of the two layer ensemble learning
algorithm, namely, Stacked Generalization (SG), besn examined through the
analyses of the algorithm. Theoretical analyseS@finvolve the investigation of the
feature spaces at each layer and the transfornsatetwveen the layers. Accordingly,
two hypothesis statements are proposed for thergkezagion performance at the SG.

The complementary arguments stated the relatiohseka the feature spaces and
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the algorithm by focusing on the conditions, whé#re classification performance
increases.

In the experimental analyses, the proposed hypeshase examined, firstly, by
the synthetic datasets which provides an environrwgrcontrolling the parameters.
In the first set of experiments, the relation oé tfeature space, which is the
projections of the objects, with the outcomes & #ligorithm, is investigated. In
other words, the behavior of the objects of theurgats considered to be controlled
under the artificial problem spaces. During theegipents, the validations of the
hypotheses have been confirmed experimentallydtitian, a conceptual equation
that defines the relation between the feature spadethe performance space of the
algorithm is constructed.

In the second part of the experiments, the hypethbave been tested on the real
datasets, which include the projections of the ob@cts from the real world on the
feature space, through features extracted by MPEd&striptors from the Corel
Draw Dataset.

During these investigations, théack artproblems of the SG architecture, which
examines the relation between the feature spacdhengerformance and between
the classifiers and the performance, are obsetmedonsequence, three algorithms
have been developed that will enlighten the darknefsthe art, based on the
hypotheses.

In the next chapter, the available theoretical exygerimental work is surveyed.
In Chapter 3, The Stacked Generalization architeagidescribed. In Chapter 4, the
suggested theoretical investigations and the hgseth are formalized. Chapter 5
presents the experiments in order to validate yipothesis proposed in this thesis. In
Chapter 6, the concatenation operation in SG isyaed both experimentally and
theoretically. Six complementary theorems are thiced and proved based on the
hypotheses proposed in Chapter 4. Additionally,itivestigations are applied to the
classification problem via constructing a meta-tagiassification algorithm, which
is called Meta-Fuzzy Yield Values (Meta-FYV). Filyalin Chapter 7, the results are

discussed.



CHAPTER 2

THE SURVEY ON ENSEMBLE LEARNING

“...and Gaia whispered to Big Blue Cloud through Wiggdflower”
‘Love yields’

The epic of grand holy Athena, Book 1

In this chapter, the challenging problems of theapotational learning theory,
focusing on the ensemble learning paradigm is seéor the purpose of providing
the background to the reader, which is necessagyatsp the problems in the
available systems.

2.1 The Conjuncture of Computational Learning Theoy

Computational Learning Theory is one of the mostllehging research areas of
the 2f' century, since both the definition and the phenwtagy of the common
sense learning concept has not been well-understoud formalized, yet. The
traditional models of computational learning theamng based on constructing the
adaptive dynamic algorithms that can acquire infdram, explore the concepts of
the information and generalize the conceptualipatiopolynomial time complexity

by induction or deduction [1].



The fundamental conjunctures of computational legrntheory can be
investigated in two major streams, namely; epistegy and computer science.
Epistemologically, the problem of learning is basmd the data inquisition and
inference inspired from human learning or otheuratlearners. In this paradigm,
the tasks that perform the learning without aneftimodels are assumed to be the
skill development for humans learning through ittbpreprogrammed algorithms.
However, it can be noticed that this approach ictstthe perception of the learning
phenomenon. Learning in human brain is known tothee generation of new
information through joining the available inforn@ij coded in neurons. From this
point of view, the learning process takes placgarious natural media, other than
human brain.

One may consider many natural processes as “l@drriior example, it is not
awkward to say that the available information oygen and that of hydrogen atoms
produces the information to form water moleculee Témission of some of the
electrons from the surface by the interaction wpthotons, the crossover and
mutation of the genes in order to cause the ewsluéind the impregnation of the
genes to form a new cell can be considered to pmaew information during the
processes. Therefore, the learning paradigm camteepreted as the process of
production.

In this interpretation, the learning paradigm ig didferent from describing the
mapping or the transformation functions, in othesrdg, the relations between
individual phenomenons on different spaces. Newtates that if the information on
the spaces and the states of the beings is agithlel transformation function can be
approximately achieved. By using the available rimfation on the three laws of the
classical dynamics of the particles, it is acknalgked for a long time that more
information on the particles could be gained. Rweifg that idea, scientists have
been studying to find the “Theory Of Everything’] ghd “Unified Field Theory” [3]
starting from the second half of the ™2@entury. For that purpose, different
representations of the objects, such as the stgdyith the objects in higher or
lower dimensions, or recognizing them as the ssriag in String Theory [4], [5] or
different function descriptions such as uncertalvaged interpretation like quantum

mechanics have been introduced.



The interpretation contains two conjunctures, ngmglformation acquisition
and its interpretation in order to produce new rimfation. Meanwhile, Feynman [6]
stated that the nature and, also, the computai®npot ‘classical. By the
investigations on the nature, new approaches tcsthations of the conjunctures
have been introduced, such as quantum mechaniastugn field theory, in other
words relativistic quantum mechanics, quantumsdias, etc. It should be noted that
all of the effort on the learning theory, such eatéire extraction, representation and
classifier development, the theories of the physstgh as string representation,
wave-particle dualities, and hidden space theosied the mathematics, such as
algebraic topology spaces, probabilistic graph tiesp and non-deterministic
nonlinear equations, are related and focused on s#mae problem, namely,
information acquisition, interpretation and the getization, for the sake of the
production.

From a different perspective, it can be observet #il the effort mentioned
above is, ironically, the methodology used by mafsthe distributed fields of the
science. Indeed, this conclusion is not unexpediade the purpose of all the work
is the one inspired by the instincts discussechengrevious chapter, which is the
control of the nature.

From the computer science perspective, the proldetearning is defined as
developing a mathematical model for the learningn@menon. The state of the art
is focused on the problems of complexity of theneay algorithms, their stability
and performance. Complexity requirement of the rieay algorithms states two
constraints for the algorithms. Firstly, the altjums should be implemented in
polynomial time. Secondly, the tradeoff between algorithm complexity and the
algorithm performance should be acceptable andniged [7]. By the development
of parallel computing methodologies and high perfance computing facilities, the
tradeoff can be optimized [8]. However, the optiatian of the NP complete
problems is still an open research area. The gkrsran ability and the
performance criteria of the algorithms are onlyestigated on very restricted and
problem specific domains. Therefore, these problames still wide open in the

machine learning community.



2.2 The Conjuncture of Pattern Recognition

In the framework of pattern recognition, where tlearning machines are
considered as recognizers or classifiers of thdgimeed labels, the conjunctures of
computational learning theory are attacked by th#ssical or structural analysis of
the data to extract “useful” information in the @lighmic spaces. Let us now
investigate the Pattern Recognition systems, tHatee@ problems and their
generalization performances.

2.2.1 Pattern Recognition System

Statistical pattern recognition involves three migarning paradigms, namely;
supervised learning, unsupervised learning, and reheforcement learning. In
supervised learning, the samples are trained byefireed class labels, however, in
unsupervised learning, the predefined class ladrelsot provided to the classifiers,
and in reinforcement learning, the learners arepauded by feedbacks [9]. In pattern
recognition, the algorithms are formed in two plsaseaining and testing. The
training phase starts by extracting informativetdezs from the data which is, then,
used for the modeling of the classifier. Finallyy the testing phase, or the
classification phase, the hypothesis spaces, waiehconstructed in the training
phase, are evaluated.

In most of the practical applications, the raw datatained by the sensor
measurements, is embroidered in order to extractptiterns of interest from the
measurement environment. This very initial stepledapreprocessing, removes or
decreases the ambiguity of the methodological artdlagical interpretations of the
measurement and provides a representation. Inlaksical models, the assumptions
and the lack of knowledge on the states of the rebse and the observables (the
quantitative and the qualitative significance o thperators and the peers) and the
interactions between them (the collapse of theesyatompels the interpretations to
be constrained.

For the sake of simplicity, we indicate all the gdes in both training and test set
by the sefS If our pattern recognition system involves tatbK featureextraction

algorithms, in the feature extraction step, theorimfation that will be fed to the
recognition machine is extracted from the setNopatternsS={s }\,, by an

8



extraction model which maps the raw data to a Setformative features by a linear

or non-linear feature extraction mapphg;

S={s }L.¥%%® ${_x Wi : (Equation 2.1)
where y; is the class label of eaahdimensional feature vectgr, extracted by

k™ feature extraction algorithm,, " k=1,2,...,K. The process of feature extraction

depends on the problem domains by the free lunch theoreni9], [10].
Unfortunately, there is no well-defined methodoldgyextract a set of features, for a
given data. This task is mostly achieved by hegrigichniques, which may yield
many redundant and/or irrelevant feature elemdittsrefore, a post processing step,
such as principle component analysis, and indepegrm®mponent analysis may be
employed to reduce the dimension of the featureespphl]. However, the quality
and the quantity of the information that is sacafi causing the information
distortion in the mapping, can not be conjecturgglieitly, even by using error
correcting codes or compression techniques.

In the training step, the correlation and the ddpeny between the feature
vectors of the samples and their class labels idefed by the classifier, for the
estimation of the labels corresponding to thedastples. Th@reciserelationship is

modeled by a classification functidpthat maps each feature vectgrfrom feature

space to its labsj ;

foi X, ® Y (Equation 2.2)
Theinferenceof the classification functidnf,} K, T F, whereF is theessential

function space, is the fundamental problem of stiatl pattern recognition [12].

The *“true” classification functionf, is approximated by a hypothesis function
{h} k.1 H, whereH is the hypothesis space, such that,

ho:x.® Y, , (Equation 2.3)
where ¥, is the prediction ofx,, by h., by minimizing an error function ( risk

functional) , such as

error= |9 - yi||2 , (Equation 2.4)
i=1



where || indicates the norm space.

Other types of error functions are, also, availdbh®. The set of classification
functions include linear, non-linear, syntacticstochastic models [14], [15], [11].
Since the main goal of the classification functisrto map the feature vector to a
class label of the pattern and their correspondiagcepts, the structure of the
problem can be characterized as the estimationegptobability density functions of
the classes. Especially, for statistical pattercogaition problems, the density
functions are estimated by stochastic inferencanigoes, such as Bayesian [13],
Boltzmann [16], Gibbs [16] Learning, Kernel Machsnend Statistical Discriminant
Analysis.

In order to reduce the error, a feedback to th&ufe extraction algorithms can be
formed, that will enable either the selection oé thppropriate feature extractors

(descriptor extraction algorithms) or the modifioatof the feature set [17].

Finally, in the testing phase, the test featuges are extracted from the dataset

S ={%. ¥}/, using a splittingf **" algorithm, such as cross-validation;

S ={% ¥4 VI g { % 'YL , (Equation 2.5)

where N'< N, such thatS, = S, E $', S", is the training feature set. The feature
space of the test samples is mapped to the labelvitd the estimatedh(x',)
function;

h(xi,) =V, , (Equation 2.6)
and the performance of tHgS",, S ') function trained byS", and tested by the
feature setS, ' is inspected by a function such as,

Performancé i S, kS))—i " a, (9 (Equation 2.7)

i=1
where a, (S) is the Dirac measure defined as;
Lyl S .
d.. = Equation 2.8
CVRINSDY (Equation 2.8)
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2.2.2 The Curse of Dimensionality Problem

There are many problems of the available patterogeition systems. One of the
major problems of the algorithms is called “the seuiof dimensionality”, which
states the exponential dependence of the numkibeaamples on the dimension of
the feature vector space. In [18], Bishop stated tlependence as a partitioning
problem of the sample space by the representatiothe feature space, for the
mapping to class label space.

Formally, Vapnik [14] states this exponential degence in the problem of
approximating functions, such as the approximatmthe functionf by its closest
function from the set of trigopnometric polynomiag degreen, Poly, with the
parameter space of dimensidy = d" (N, is the number of parameters) where

fIF *, F* is a set of functions defined on tdelimensional cube, [O,i] andfis s

times differentiable by the boundary

[ FOX)- FOX)EX % x'f (Equation 2.9)
for some integers , O<e&1 , and X<pJ§/2 is a universal constant, and the
exponential dependency is;

dist( f, Poly) £ Cong § N9’ : (Equation 2.10)

where dist( f, Poly,) = flm‘A sup| f(x)- f*(X]|, that is the distance betweérand

the closest functioff from the setPoly,, andCons(f)is a constant of the functidn

Since it is a crucial task to control the numbgparameters of a classifier,
there is no explicit solution to the dimensionatseuproblem. However, there are
some experimental work and approaches to the ealutEmpirically, the
dimensionality relation ratio, which is the ratid the sample sizeNs, and the
dimension of the feature spaa#, is considered as a dimensionality metric, and

chosen to be greater than 10 [9].

2.2.3 The Generalization Problem
Another problem in pattern recognition is the gafieation ability of the
classifiers, which is defined as the performandeeria stated by equation (2.7).
Training the classifiers with the optimization coamt of equation (2.4), does not
guarantee the generalization performance and nmety @duse a distortion of the
11



hypothesis space. There may be three reasonssodidtortion. First of them is the
overtraining of the training set, which happensaose of an intensive optimization
on the training set. The second one is the untedibf the classifiers because of
trying to fit a more complex functiohwith less complex hypothedis Finally, one

is the curse of dimensionality, or the increasiegrde of freedoms of the parameters
affect the classifier performance, generating booihditioned partition in the feature
space.

One of the theoretical explanations to the ovining of the classifier and the
classifier complexity is stated by Vapnik[14], ctusting a probabilistic bound for
the classifier error and capacity. Vapnik defirtes ¢apacity of the hypothesis space
H in terms of the number of samples that minimize rikk functional, in equation
(2.4), which is called Vapnik-Chervonenkis (VC) d@insion ofH [15]. Equivalently,
Vapnik [14] defines the VC-dimension of a set dfigator functiongQ(x,a), a/L ,

is the maximum numbdy of vectorsx,, ¥,x, , which can be separateshétteredl

in all 2° possible ways using functions of this set. Foryalheodoridis et. al [11]

defines VC dimension(}) of F , which is the set of binary classifiers, as thrgdat
integerb 3 1, for whichS(F,b)= 2 and if for each samplgx, v}, , S(F,b)= 2,

then the \ approaches to infinity.
V. constructs a bound for the error probabilityhe tlassifier. For the training

error probability, P (h), and the essential classification error probabift" (f),

that depends on the nature of the data indeperafetite training set, VC theory
states that with a probability at leastg) -

PY(f)ER"(h)+F (\%) , (Equation 2.11)

where

V,(n(2N +1)) - In( Py
F (\%): Ve N 4 : (Equation 2.12)

One of the most important results of the VC thasiat it guarantees maximum
generalization capability in case of finite VC dmseon and increasing number
samples, by minimizing the classification errorfeliénce between the and H
spaces. However, VC theory limits the learning tdpg with VC dimension, by

12



stating that the learning capability is limited the VC dimension, independent of
the probability distribution of the samples. Howeven some of the real life
applications that can be approximated successhylythe stochastic approaches,
especially for the one that can provide a-priofoimation,h with small VC(H) are
preferred oveh with higher VC(H) [15]. This is one of the pitfalbf the theory.

In addition to the VC theory for the analysis bk tgeneralization problem,
another approach is training the classifiers witthia combinations of the training
set, by cross validation, or leave-one-out appreacin that case, the classifier is
avoided from the overtraining of the training featgpace. One of the architectures
that form a solution for the problem is Stacked &alization [19], which will be

discussed in the next chapter.

2.3 The Conjuncture of Classifier Combination

"An oligarchy is said to be that in which the femdathe wealthy and a democracy,
that in which the many and the poor are the rulers.

Avristotle,Politics.

“...the desires of the less reputable majority argrodled by
the desires and wisdom of the superior minority.”
Plato, The Republic, Book II.

The problems of pattern recognition, discussethé previous sections, which
constrains the state-of-the-art solutions, haven latacked by the researchers with
different classical paradigms. The general appresdiive been selection of the
most appropriate feature extraction or classifaratifunctions, dimensionality
reduction with linear kernels, using nature inspiplienomenon, such as Gibbs and
Boltzmann learning, simulated annealing, Artificldéural Networks and Genetic
Algorithms [18], [13], [16]. However, after a whjl¢hey all have been entered into
the same state-of-the-art paradox and the mainecoritas become the selection of

13



the best models that correspond to the solutiontHerspecified problem domain
[20].

By the development of hybrid systems, it is naticdhat complementary
classifiers could be more successful than the iddals under restricted problem
domains and the classifier combination paradigns, évaered the scene of pattern
recognition [20]. In the classifier ensemble, sanilo the classical paradigm, several
ad hoc methods, such as Hierarchical ARTMAP [21H anultilayer Neural
Networks [13], inspired from human learning andons have been constructed.

There have been several theoretical studies Boettsemble learning [22], [23].
Most of such theoretical approaches are basednearlicombination methods such
as averaging, mixture of experts, linear perceptlmagging and regressions [24],
[25], [26]. However, none of them can provide melhéor the analysis of non-linear
methods, such as Neural Networks, fuzzy combinans, concatenation methods
[27], [28] [29]. Since the theoretical analyses e nonlinear combiners are
threatened by the lack of analytical methodologpesxtract information through the
projections of the spaces, the state of interestastly focused on the experimental
studies. However, because of the increasing nurobgrarameters causing high
degree of freedom and the stochastic nature ofatbhitectures, there exists no
generalized explanation of the relatively higherfgenance of the SG, observed
during the experimentation.

Dietterich [30] explains the success of the cfassiensembles, or ensemble
learning algorithms in the framework of three pergjves; statistical, computational
and representational point of views.

From the statistical perspective, when the sizthefspacéd is smaller than the
size of the sample spa&ethe single classifier selection approach mayhbeatened
by the selection of less generalizggince there may be degenerate solutions for the
selection space. Dietterich states that usingfdheh and averaging the outputs lof
would reduce the risk.

From the computational perspective, when the seteof the besh amongH
could not be guaranteed, such as in the gradiestiedé case of Neural Networks, the

actual classification functiohcould never be approximated. Similar to the sofutio
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to the problems in pattern recognition, a weightechbination of the classifiers is
offered.

In the representational problem, where the hymhgpacdd may not contain a
relatively “good” approximatiorh to the actual classification functidn searching
the optimal hypothesis iIH may fail. A solution can be provided by aggregatine
functions for the expansion of the function spaediich would increase the

possibility of finding optimah with respect td.

2.3.1 The Architecture of the Classifier Ensemble\&tem

A classifier ensemble architecture consists of fmasic levels; data level, feature
level, classifier level and the combination leV&L]l Before discussing the levels of
the architecture, the terminological ambiguity Hme tliterature on the classifier
combination methods should be clarified.

There are two basic methodologies for ensemblaileg approaches; fusion and
selection. In the fusion approach, individual datafunction spaces interact with
each other and carry the information about theeré@ature space and supposed to
work together. On the other hand, in the seledpproach, each space is considered
by its own, as a subspace of the whole data ortifmspace. The optimal space is,
then, chosen by the methods such as voting. Thoaigthis work, the fusion
paradigm will be considered.

Fusion of sensors in the ensemble classifierscigeaed by three types of
models; complementary, competitive, and coopergd2¢

In the complementary models, sensors are fusedder to provide a complete
description of data space. The complementary modsdsusually employed in
surveillance application for object recognitiontedion and tracking [33].

In the competitive models, sensors provide inddpeh measurements of the
same information, which is similar to the humanionssystem, such as capturing
images of an object from different perspectives.

In the cooperative models, the data obtained ftbenindividual sensors are
combined by producing a data space which can naibleined from the individual
sensors. Meanwhile, these three models can beedpi the other levels of the

ensemble learning architecture.
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In the feature level fusion, two common methodmsgre the direct fusion and
the feature space combination. The common typeatiife extractors used in visual
media processing are descriptor extractors, whidvige a mapping from the
objects to a set of features which include semamttt syntax information, which are
called descriptors, in feature space [46] . Hertlefan the text, we will assume that
the feature extractors are descriptor extractodstlae features are descriptors.

The direct fusion of the feature spaces spans éagurfes x,, extracted by
different descriptor extractorg " k= 1,2,..K, that construct descriptos, which
are directly fed into each individual classifief with the corresponding hypothesis
functions h," k= 1,2,..K, for K classifiers. In that schema, the number of

descriptors and the classifiers are taken the $a#je[35]. In the combination of the

features, the feature spaces are fused using airatioim rule, such as aggregation.
In this study, both of the approaches are impleewit the algorithms, in classifier
and combination levels.

In the classification level, a subspacedHois either used with homogenous (same
type of classifiers) or heterogeneous (differemietyf classifiers) set of classifiers
from different spacesl. In that case, three types of classifiers, complaary,
competitive, and cooperative, can be operated. M@ base classifiers may, also,
be ensemble classifiers in an ensemble learninitacture [21]. In the meta
classification level, the predictions of each indial classifier are combined either
in parallel, such as stacked generalization or AleNetworks or sequential, such as
boosting and bagging, hierarchically [36], [37]9]3Since the main goal of the
thesis is the investigation of the relationshipsMeen the base-layer and meta-layer
classifiers, the detailed analysis of the Stackesd®alization architecture will be
discussed in the next chapter.

In the design of the ensemble learning architectihere are two popular
construction methods [20]. The first method optesizhe meta classifier by fixing
the parameters of the base classifiers and theespacthe lower levels, which is
called decision optimization. The second one isdbeerage optimization, whose
goal is the optimization of the base classifierapagters and the data dependent

spaces relative to the meta classifier, in termseoformance.

16



From the training point of view, there are thregels of meta classifiers
according to Kuncheva [31]. The first type is inéiegent of the feature space and do
not need retraining after the training of the belsssifiers. The second one is data
dependent, either implicitly or explicitly. Expliti data dependent classifiers use the
fusion functions of feature vectors. On the othemdy implicitly dependence allows
the parameter optimization independent of the featwectors, just before the
prediction of the labels. The third type of the anefassifiers are the dynamic
combiners, which can be evaluated during the mgimf the individual classifiers,
such as AdaBoost and dynamic weighting [40], [4#42], [43].

The main conjunctures of the pattern recognitianehbeen switched into the
multimodal forms for the ensemble learning paradigdimilar problems have
appeared for representation of the features, radutie redundancy in the feature
space, finding the best classifier and the problerhghe selection of the best
combination methods, at all the levels of the eriden®arning.

In the data fusion level, data representationdee evolved into the problem of
the selection of the best models for the data spanstruction partitioning and the
distribution among the descriptors. Data acquisiti® accomplished by either the
distributed sensors or by the same type of semeeesuring different states of the
same object.

One of the major problems of data fusion is tHect®n of the sensor types or
structures for data acquisition, for a specific dom In other words, the
measurement or metrology problem is consideredhasstate of the art [44].
However, the solutions depend on the skill of thiesta The second problem rises
because of the gap between the meaning of theaddtéhe corresponding low-level
descriptor. For example, representing high levidrmation received from LIDAR,
camera, and the photovoltaic detector in the saate space is an extremely difficult
task and my vyield a lot of discrepancy and redungaihis problem, also, frustrates
the success of the data normalization techniques.

Data space transformations and projections keep thallenges within the
addition of the feature level fusion conjecturesthe next level of representation.
Since the feature fusion algorithms are at the the&rthe ensemble learning

architectures, the general approach for the arsalg$i the architecture is the
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investigation of the feature space in terms of hace parameters, such as mean
variance, covariance, and correlation coefficientghich are related to the
performance of the ensemble.

The problem of designing the feature spaces, eaanalyzed in two phases. In
the first phase, the problem is to define an apmip descriptor that will map the
raw data space to the feature space by the minitopwiogical deformations. The
relationship between the raw data space and tr@ipgess can be analyzed either in
terms of topological mappings [45], statistical lgee [46], [47], [48] or the
semantic analysis of the samples [49].

In the second phase of the feature space designselection of the subspace
from the whole feature space is the point of irgerkn all of the subspace selection
methods, the main goal is the selection, basederdiversity that is, selecting the
most “diverse” subspace. The idea behind the diyec®nstruction is to achieve a
group of classifiers that are expert on a distin&. In other words, the main goal is
to obtain distinct spaces spanned by differentasgmtation of the objects, which are
competitive, complete, and cooperative. The idestudied and widely accepted by
the pattern recognition community and applied tehe#vel of the ensemble
architecture [31], [22], [24].

The subspaces produced by descriptors are eitblectsd by random or
nonrandom methods. In the random selection methtus, randomly selected
parameters satisfy a dissimilarity metric betweka samples. For this purpose,
methods like bagging or boosting, or stochastied®n methods, such as genetic
algorithms or simulated annealing are used [31].

In the nonrandom selection methods, class labeklated relations and the
diversity based on these relations are considevkmieover, inversely, ensemble
learning algorithms such as AdaBoost, Genetic Eb#mmMajority Voting and
Stacked Generalization can be used for the featlextion [50], [51], [52].

At the input of the classifiers, either the samed features are fed into different
type of classifiers, or the selected subsets aténfi® the same or different type of
classifiers, each of which span distinct hypothesislassifier spaces. As mentioned

above, the feature subspace selection is also tamgoat the present level. Error
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analysis can also be used, to ensure that eaddifidasas relatively distinct errors
on the predictions of the hypothesis, construdiiregindividual expertise [53], [54].

In various studies, the relationship between #eure spaces, the hypothesis
spaces of intra and inter classifiers, that isageement of the classifiers, and the
hypothesis spaces of the combiners are determmeerins of both generalization
performances and topological structures.

In the topological analysis perspective, the meshsuch as, correlation
coefficients of the classifier predictions, predécaanalysis, class conditional
probability distribution analysis, statistical dtdp analysis, bias-variance
decomposition analysis, and entropy related transiton can be employed [56],
[57], [58]. The bias-variance decompositions arestiyoused in the error and the
performance estimations of the architecture. Tippr@ach gives the ability to
control the classifier parameters more efficiendlgd to understand the relationship

between the classifiers and the architecture.

2.3.2 Bias-Variance and Noise in Ensemble System
The bias is considered as the divergence frome#igential prediction by the
classifier, whereas, the variance as the classqgti@d divergence of the classifier,
independent of the essential state or the labéheofample [31].

To simplify the notation let us resume the subsafithe descriptor;, and use

X for this section. Kohavi and Wolpert [56], [59Ffthe the bias, variance and the

noise respectively, as follows;

C
Bias:% (Rw | %- P |3F (Equation 2.13)
c=1
. 1¢ , .
Varlance:E @- P |1%) , (Equation 2.14)
c=1
. 1°¢ ) .
N0|se:§ (- R | X") : (Equation 2.15)
c=1

for the fixed label,, given x of the distributionPB, (1| x) predicted by the"

classifier , forC classes,’ c=1,2,..... ,Cand K classifiers; k=1,2,...,.K
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As mentioned before, the above interpretationlwamsed for the error analysis

of the ensemble. By defining the probability of teeor for a givenx as the

divergence between the prediction of the class#ret the true class labelof

C
P(error|x)=1- P, [X)R W, | X . (Equation 2.16)
c=1
the total error can be calculated over the enéirede spac&by;

P(error)=  P(error| X) p( X d>
S
Using equations (Equation 2.11- Equation 2.1 ,donditional error is;

Plemor| =1 P 1Ry i Lf+ Pl L3
s s

s

P(w | x)*- —; R (w, | x? , (Equation 2.17)

e

1
2Wc

P(error|_x):§( (PO, |- P, I_X))Z)F%(l Pw, 1)

e e

+%(1- P, |XF) . (Equation 2.18)

Therefore,
P(error | X) = Bias+ Variancer Nois . (Equation 2.19)

In addition to the Wolpert's interpretation, Domos [60] defines the bias,

variance and noise, respectively, as follows
Bias= Los$w*, it*) : (Equation 2.20)
where Losgw*, ) is the loss function of the optimal class labelxof w* and the

guessed label* with largestP, (w, | x). For zero-one decomposition;

0, w=n»

Loss{W,ﬁ/)=l S

(Equation 2.21)

Similarly, variance is defined as,

Variance= E( Losg?, [i )Y : (Equation 2.22)
where E, is the expectation on all possible instances @fcthssifiek, and the noise
is;

Noise= E( Los§ € xw*)) . (Equation 2.23)
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For the zero-one loss decomposition,

Variance® P(w| 3= PW*| X , (Equation 2.24)

wh
and
Noise=1- Rw*| ¥ . (Equation 2.25)
In that case, the error is defined by;
P(error|x)= ¢~ Noise Bias £ var ianc , (Equation 2.26)
wherec; andc; are constants. In zero-one error case, and foctass classification,

andBias =0,

P(error|x)=(1- Z Nois Variante Bias Noi: . (Equation 2.27)
ForBias =1,
P(error| X)= (2" Noise 1) Varianée Bias Noi: . (Equation 2.28)

It can be seen that, for biased samples, a¥#neance decreasesP(error | x)
decreases, and vice-versa, sifdeise< % . However, for the biased samples, as

the Variance increases,P(error| g() decreases. It is observed that, for some

classifiers, as the variance increases, the biagases and vice-versa. Therefore, as
the precision and the flexibility of the classifiencreases, like in Neural Networks,
their bias decreases. However, changing the paeasn@t order to increase the
performance may damage the sensitivity, and willéase the bias by decreasing the
variance. So, an important conjuncture, which #edathe bias-variance dilemma,
rises.

For some cases, the decomposition theory failaniDgos recognized that,
changing thek value of k-nearest neighbor classifier either@ases or decreases the
error, for different datasets [60]. Another problefrbias-variance decomposition is
that it provides an efficient analysis for lineansemble structures [26], [38].
However, it fails for the nonlinear structures. fidfere, this kind of analysis can not
be generalized for all the classifiers.

In this study, we have studied the relative perfomoe variations and the
relationships between base-layer classifiers aactisemble classifier. The detailed
discussion is provided in Chapter 3.

At the top level of the ensemble learning architex; which is called the Meta

level, the studies are focused on the selectidhebest combiner that will improve
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the classification performance. There are varigpes of meta classifier, as much as
classical single classifiers, and most of the comitsi are the hybrid combinations of
them. However, there have been constructed consbinspired from human vision,
like Hierarchical ARTMAP [21], and social committedike voting [31], [61], [62],
etc.

Input to the meta layer can be studied in threpnwdasses; data space of labels,
probability density functions, and possibility deys$unctions.

The meta classifiers, which process on the |gh&tes, is threatened by the lack
of confidence of the classifier predictions. Thisepomenon causes problems for
defining the certainty of the data space and thightieg of the classifiers. One of
the approaches to this problem is to assign rangeights to the classifiers, initially,
and update the weights by training the meta ciassiflowever, this is still an open
research problem.

Probability density functions may provide moreommhation about the classifiers
compared to the pure predictions. There are seweetd classifiers that receive the
probability density functions (pdf) as feature westand augments the data space for
the classifier fusion[22], [63], [36], [37]. Eveh probability density functions give
detailed information on the classifier predicti@msl the generalization ability, there
are challenges on their interpretation. Firsthliatslity of the probability density
functions predicted by the classifiers may not teglible. Secondly, there should be
a formalism that will consider the probability dépsfunctions in a different
perspective. However, the available methods ardréen explaining the reason of
such an evaluation and the success is achievedamigomain specific datasets.
Therefore, the approaches still remain as the sihtthe art, depending on the
experience of the researchers [37].

Considering the possibility information of the gdes, processed by the
classifiers, seems to be a more flexible model. gamed to the probability density
function models, the fuzzy membership values ateiobd from the base classifiers,
and the fuzzy combination rules are applied byntie¢a classifier [29]. The problem
with this approach is the difficulty of construdinthe fuzzy feature space
significantly. It is not clear whether to use the4ified features as vectors in the

crisp feature space, or to construct an inherdatlgy feature space.

22



2.4 The Peroration

Despite of variety of different attempts to solWlee pattern recognition
conjunctures using the multimodal approximatiohs, ¢onjunctures reappeared in a
more powerful mutated form for the ensemble leaynand classifier fusion
paradigms. This was because of the lack of thelestatierpretations of the
computational learning and pattern recognition theo

Most of the studies on the ensemble learning aextty focused on achieving
“better” generalization performance by repeating ¢lassifier design methodologies
on the ensembles. However, in addition to the @abksonjunctures of the learning
and recognition theories, the new paradigm comeb Wwindamental problems.
Skipping such problems and building new architextubased on incomplete and
defecting conjectures, just increase the gap betiwderpretation of the theories and
the architecture design, resulting in a seriousghaf.

Despite the powerful conjectures and the postsilatehe ensemble learning, or
data fusion, some of which are discussed aboig|dhg far away from constructing
stable theories.

In the present work, the main goal is to develdmemework which analyses the
architecture of an ensemble learning system. Toragke improved generalization
performance, we also attempt to provide explanatiof its transformation and
classification mechanisms. Based on the experirhanththeoretical analysis of the
architecture, three classification algorithms areeadoped.

In the next chapter, the theoretical structurel #re algorithmic variations of
stacked generalization is discussed. In Chaptt#redanalytical and in Chapter 5 the
experimental investigations of the fuzzy stackedlegalization algorithm (fuzzy SG)
are introduced, with a new algorithm. In Chapteth® concatenation operation at
the fuzzy stacked generalization algorithm is aredy and the analyses are
summarized in six theorems, leading to a meta lelgssification algorithm, namely,
Meta-FYV.
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PART 1

PERFORMANCE ANALYSIS OF STACKED
GENERALIZATION

In the first part of the thesis, we investigate tiedationship between the
performances of base layer classifiers and the rgemeerformance of Stacked
Generalization in terms of function and data speaesformations.

In Chapter 3, Stacked Generalization architecwiiatroduced and in Chapter 4,
a fuzzified variation of SG, which is called Fuz3e, is theoretically investigated
and 2 Hypotheses that define the performance ieritéISG are proposed.

In Chapter 5, the hypotheses are validated withhgyic and real datasets. In
addition, a variation of SG for classification wieodifies the spurious samples
from the training data is proposed.
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CHAPTER 3

STACKED GENERALIZATION ARCHITECTURE

3.1 Overview

We have discussed some of the challenging problefmsattern recognition,
specifically, ensemble learning algorithms in Cleapt2, focusing on the
generalization problem. Wolpert [64] developed acking architecture which
provides solutions for the overtraining, overfiginand generalization problems,
which is called Stacked Generalization (SG). Howe®& brings new problems,
which are called Black art and partial solutions to thelack art problems are
discussed [36].

In this chapter, firstly, SG is introduced with ithallenging problems. In the
second part, the various SG architectures are tigad¢sd, and finally the pitfalls of

the available architectures are discussed.

3.2 The Stacked Generalization Architecture

Stacked Generalization is an ensemble learningnigel, which aims to increase
the performance of individual classifiers by conmubgnthem under a hierarchical
architecture. Individual classifiers at the basgstawhich are called generalizers, are
trained by cross-validation and meta-layer classi trained on the data which is
not used by the individual classifiers. The met@daay be the combination of
different kind of attributes such as crisp predie, membership values, cross-

entropy of the classes and probability density fioms. In addition, meta-classifier is
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tested by the samples which are not introduceasg-tayer. Therefore, the training
process of the meta-layer classifier is achievedebyning the errors of individual
classifiers from their predictions.

Stacked Generalization architecture implements trening process by
partitioning the learning set into two subsets Whate used for training and testing.
SG uses cross validation techniques in order tb @ learning set. On the other
hand, cross validation techniques are usually wgedhe winner takes all strategy,
which maps the function space to a function that tie highest generalization
accuracy. Unlikely, SG uses cross validation ireot gain information on the bias
of the individual classifier or classifiers, andeuhis information for reducing the
biases on the higher layers of the architecturméta layer generalization.

SG may consist of one or more than one classiee classifier architectures
are used in order to improve the generalizatiotitalof the classifier [64]. Multi-
classifier architectures may consist of two or mtagers. As discussed on the
previous chapter, at the base layer, the baseifdassare trained using in-
sample/out-of-sample techniques, such as crosslat@n or bootstrapping. The
trained classifiers are, then, combined at the rokissifier. Meanwhile, more than
two layers can be used in the architecture by asgjgeach layer to each one of the
nodes [64].

As a special case of multi-classifier architectusssgle classifier architectures
are used for density estimation or increasing tbeegalization accuracy for the
classifier [65]. In such kind of architectures, siagle classifier is trained on both
the base and meta layer.

The motivation of the present work is the theosdtiand the experimental
analysis of the generalization performance of tayet architecture. We investigate
the relationship of the performance of the indiadalassifiers at the base layer and
that of the classifiers at meta-layer. The detailisdussion of the architecture will be

provided in the next section.

3.2.1 The Multiple Classifier Architecture
In SG, thegeneralizeris defined as a mapping from the feature setNof

samplesS, ={ x, 1A °, YA 1} together with a queny, 1A ¢," ¢ i, wheredis
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the dimension of the descriptor space, into a gugsdA ," ¢ i. The feature set

S, is split into two sets, such tha, = S, E % for one-leave out cross validation.
In the training process performed on the base Jdlgerclassifiers are taught with

S, and tested witht, . Wolpert [64] defines the cross validation errstimate of

the classifiers,,, with the hypothesis function sety I H consisting of K

classifiers, with respect t§, by,
1 N ro. A\ 2 H
Error(k):ﬁ (h(S": %) - Y (Equation 3.1)
i=1

where h(S’k;_>g|’k) is the guesses or the predictions of the classjfie other words,

the set of predictions when the classifier is &diron the training se8", and
questioned by, , -

The output data space of the base layer may coofsibie predictions of each

classifier, j, with the hypothesis functionh,, on the feature setS ;

9., ={h(S"; %)} , and the actual labels of the sampyes, i=1,2,..,N,

combination

Define a mappingd,, , which combines all the outpW, to generate the

input feature vector for the next layer. The outpata space of th@™ layer, which

consists of the set of outpute/ ={ W} i,, " k , is then, transformed into the input

data space of the™layer, p<r, " 1, "r® 2,using a combination mapping

f combination.
p.r !

combination

W %94%,3® S (Equation 3.2)

The number of layers may be greater than 2. Thepmgpf f """ continues

up to the top layer, which is called meta-layen #ao layer architecture, the input
feature set at the layer with=2 is the meta-layer witl§__, defined byS,. Base
layer input feature se§_is defined byS at the layer with =1, which consists of

descriptors. Through the chapter and the thesis, witk consider two layer

architecture with the meta-layer at the secondrlaye
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In the mapping, the predictions of the base layassifiers are transformed as

being the meta layer feature vectors of the metssdier in order to form the meta
layer training dataset with the actual labg]s,, ={ X", y ,. At the meta layer, the
meta classifierj ., with hypothesis functiomiye ,is trained onS, .., using the

cross validation technique.

The purpose of the meta layer training process tgdchij . .the biases of the

base layer classifiers. Therefore, the meta lagputi space should consist of the
predictions that provide information on the basetaclassifiers. These predictions
can be the label estimates, probability densityctions or possibility density

functions, which are discussed on the previoustehnap

3.2.2 The Black Art Problems in SG

In this subsection, we will investigate the variagproaches to form the SG
architecture.

In the bottom-up approach, the input data sp8gg.,of the base layer can be
generated either by one descriptor or multiple vitdial descriptors,
G." k 1,24 ,K(Figure 3.1). The created feature set can be fedie same type
of classifiers or different type of classifiers, having the hypothesis functions
"k= 1,24 K . There are various works examining the classif@misinations
[65]-[68].

Among these combinatorial options, feeding eaclssifi@r with a different
feature set provides an important property. In ttege, each classifier gains the
ability to be an expert on different aspects of obgect represented by the feature
space. This approach not only avoids the normadizaproblem created by the
combinations of the features of different naturéecision of each classifier, but also
reduces the curse of dimensionality.

On the other hand, there is no reason for choasirggof them instead of the
others. This is one of the challenging problem§@fand left as the state of the art.

Therefore, it is called ddack art.
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Figure 3.1: 2 layer Stacked Generalization architecture

The selection of the individual classifiers is dmtblack artproblem Wolpert
[64] offers to use different types of classifiemsarder to gain wealthy information.
Meanwhile, the algorithm complexity criteria shouddso be considered in the
classifier selection. Another criteria on the dif#ss selection is selecting the
classifiers as they could provide complementary@uaperative information on both
the structure of the samples and their generadizatccuracy. Therefore, they should
neither compress and damage their individual ptediinformation by redundant
information nor they present the same informatiuat has already been introduced

by the other classifiers.
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The information generated at the output of the sili@s; ,, which isW,,

k=1,2,....K, form the base layer output space. The seleatiothe type of the

information amongW, 's is anotherblack art. This type of information may be

selected from the meta feature classes discussse al they may be either dataset
related attributes such as the number of samptesglation coefficients, statistical
skew and kurtosis values or entropy related feaflgech as class entropy, attribute
entropy, or cross entropy [66].

One of the risks that should be considered isrtbheeasing dimensionality while
gathering such information. While constructing thput space for the meta layer,
the dilemma of the dimensionality reduction and thes of information is a
challenging problem for the determination of thatéee combination model, which
is anotheblack artat the base layer output space.

Majority voting, weighted voting, cross validatiorgoncatenation, linear
combination and boosting are some of the combindgohniques for the meta layer
[68]. The fuzzy SG model proposed by Uysal, Aklzag] Yarman-Vural [2&rror!
Reference source not found.reduces the base layer output space dimension by
using fuzzy k-nearest neighbor (fuzzy k-nn) classsf at the base layer. Moreover,
fuzzy k-nn classifiers provide information on thembership values of each sample,
for each classifier. The detailed theoretical asialpf the fuzzy SG will be provided
in the next chapter.

The combined features at the input spagg,,, are then, fed into the meta

classifier with the hypothesis functiomye. Wolpert [64] recommends

v meta

training the meta classifier &), in order to teach the meta classifier the

information on the classifier biases. However, soneta classifiers such as majority
voting, does not need training at the meta layedetailed discussion of training and
non-training strategies for the meta classifiersprevided by Kuncheva [70].

Surprisingly, for some cases, relatively less egpennon-training strategies may
result in the higher classification performancejust changing the type of the meta
classifier. This shows the sensitivity of the SGhitecture to the application domain.
Therefore, the selection of the training strategy ¢he meta classifier type is the

state of the art problem at the meta layer.
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3.3 Discussion

The suggested solutions to the black art problemihe literature are domain
specific. In most of the work on ensemble learramgl especially on SG, various
classifiers are examined on several datasets, usawgral training strategies.
However, most of the analyses are far from expigirihe reasons of the success and
failure of the SG architectures.

One of the reasons of such a lack of analysisasttie common perspective on
the community is constructing a “better” classifigeneralizer or the learner on a
specific problem domain. Therefore, the challengprgblems of the ensemble
learning and SG seem to be as the mutated probiértise single classification
architectures adapted to the multiple layer andipielclassifiers. Ho [71] suggests
that in order to avoid such an infinite recurreaoe not considered to lose the sight
of the problems, the fundamental challenging proislshould be reviewed.

In the present work, we focused on the theoretical experimental analysis of
the SG architecture. This analysis revealed an I§&itom which yielded a better
performance. As a consequence of the analyseg #gerithmic variations of SG
are developed. The analyses and the proposed thlgsriare introduced in the
Chapter 4, 5 and 6.
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CHAPTER 4

FUZZY STACKED GENERALIZATION:
ANALYSIS AND VARIATIONS

“Of course it is very interesting to know how hurean
can learn. However, this is not necessarily the¢ Wwayg
for creating an artificial learning machine. It Heesen
noted that the study of the birds was not veryuwldef
constructing the airplane.”

The Nature of Statistical Learning
Vladimir N. Vapnik

4.1 Overview

In the previous chapter, Stacked Generalization) @®¢hitecture, is introduced
with its state of the art problems, callgléck art.

In this chapter, we employ a two-level fuzzy SG][4Z2] and investigate the
black artproblems in terms of the parameters that affecptr@rmance of SG. The
experimentations revealed us to propose two hygethe which assure an
improvement on the overall performance of SG. Tin& hypothesis, involves a
sufficient condition on the performance of the indual base-layer classifiers, to
improve the overall SG performance. The hypothed@ms that the overall
performance of SG reaches an upper bound and igisrithan the performance of
the individual classifiers, provided that eachrtiag data is correctly labeled by at

least one base-layer classifier.
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The second hypothesis deals with the effect ofrdiaing samples, which cannot
be correctly classified by any of the base-levassifiers. It is shown that the
elimination of the samples which are misclassibgdll of the base layer classifiers,
from the training data improves the overall perfante of SG. The hypotheses are
tested and verified on both real and artificialgngrated data.

In the next section, fuzzy SG architecture andguarbnce description problem
is discussed. In the third section, the proposqubtineses will be elaborated. The
first hypothesis constructs a relationship betwten performance of SG and the
performance of individual classifiers, whereas thecond one introduces an
experimental approach to the black art problenrdeto increase the classification
performance of SG relative to the attributes oftithse layer output feature space and
the classification behavior of the base layer di@ss. The experiments, which

examine the validity of the hypotheses will be jpded in the next chapter.
4.2 Fuzzy Stacked Generalization Architecture

Stacked Generalization is an ensemble learningnigel that combines more
than one classifier in a hierarchical architecturbere is no restriction on the
number of classifiers and the number of layers Wiltbe used in the architecture.
However, the 2-layer architectures with one claessHt the meta-layer and multiple
classifiers at the base layer is very popular arel ased for increasing the
classification performance of the individual cléisss, at the base layer. The other
types of architectures are used for object recmgnitimage retrieval, density
estimation, etc. [72], [73] ,[74].

A 2-layer fuzzy SG classifier receives feature gestat the input of the base
layer fuzzy k-nn classifiers. Then, the outputstié individual classifiers are
combined by concatenating all the outputs of theeHayer classifiers to feed the
fuzzy k-nn classifier at the meta-layer.

Base Layer Input Space

In the bottom-up approach, the image dat&ef{ s}, " i= 1,2,..N, consisting
of Nimages is mapped to the feature dataSef usingk™ descriptor,

S={g %® ${ % Wi, “i , (Equation 4.1)
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where x;  is thei™ feature vector of thé\-sample training data extracted by the

k™ descriptor ang; is the label of the corresponding sample. Theaeted features

at each descriptog, are fed into each classifigf, directly. Therefore, the number

of classifiers is equal to the number of descrgptor
In the present work, MPEG 7 descriptors are implgea on Corel Draw
dataset. The detailed information on the structofele descriptors is introduced in

Chapter 5.
Base Layer Classifiers: Fuzzy k-Nearest Neighbor Classgfier

In the base layer fuzzy k-nn classifiers, the featlata se, , firstly, is divided
into N parts, such thatS =S,E x “ i=1,2,..,N, by one-leave out cross
validation. In the training process performed oa tiase layer, the classifiers are
taught withS", and tested with, , .

In the fuzzy k-nn, the membership value of the danxp, corresponding to the

c"classy,, " & 1,2,..C, is calculated by each classifigr, with the hypothesis

function h,  as,

_ L (/25 (X N5 (% ) ™1

”Z(E k/ = k

.2 (Equation 4.2)
(r; (%)) ™*
j=1

where L(/,(x)) is the label of thej™ -nearest neighbor ok, , which is/,(x;,)
and 7;(x,) =[x, -/7;(x,)| is the Euclidean distance betweay and #,(x,.).
" = 1,2,..k . mis the fuzzification parameter and takemas2, as in [75].

The performance of each base layer classifigr is calculated from the
membership vector of eachy, , 71X, )= 74lX,) #0%x) - K)o MK )

Vi = max(mx,)) (Equation 4.3)
where ¥, is the estimated label of, by hcof j .

By equation (2.7), the classification performantewis defined as,
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Perf(h) =% "4, () | (Equation 4.4)

i=1
Base Layer Output Space, Concatenation and Meta Layer Input Space

Base layer output space is spanned by the mempershtors for eaclx,, that

are calculated by each classifigr.

It should be noted that the membership vectors pmuaton (4.2)

N
satisfies m(x;, ) =1. Incidentally, this equation aligns each sampledine at the

c=1
output space of the base layer classifiers satigftie line equation. Therefore, the
base layer classifiers can be considered as tmnafons which map the input
feature space of any dimension into a point onna In C (number of classes)
dimensional space. This property will allow us i the dimension of the input
space to the number of classes at the output syaich is the input to the meta layer
input space.
Concatenation of all the outputs of base layersdias will yield an input space

to meta layer with a fixed dimensi@K through the mapping from this space to the

meta layer input space. The class membership vaipes,) obtained from each
classifier j , is concatenated by forming the feature vector hed meta layer

classifierj .. with the hypothesis functioeta;

Lﬁmta(s) = q(%,) - @0%)- SO ) T ) ) (Equation 4.5)
mes) = m(xy) (Equation 4.6)

by satisfying m(x,,) = K. Remarking that each classifigr, is fed by each

k=1 c=1
descriptor G,. Therefore, the proposed feature vec&y, ={7“{ 9}, is aCK

dimensional feature vector.

Note that the dimension of the feature space aatager is independent from
the dimensions of the feature spaces at the bgsedkssifiers. Therefore, no matter
how high is the dimension of the feature vectorthatbase layer, this architecture

fixes the dimensions at meta-layer @K. This may be considered as a partial
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solution to dimensional curse problem provided GKtis bounded to a value to

assure statistical stability to avoid curse of disienality.

The membership vector of the training data_zs(a_t‘,riyk), is constructed by the
leave-one-out cross-validation at and is fed into the meta classifier the training
dataset, S, , by concatenation. Similarly, the membership eeatf the test
datasety{x’,), is constructed by teaching, with the training dataset and

examining with the test dataset, and then, is fetha testing dataset for the meta
classifier, S, by concatenation.

Meta Layer Classifier

The meta fuzzy k-nn classifiey ., proposes the classification on the feature

vector S, ., either by training [72] or without training. Similéo the base layer fuzzy

k-nn, the meta-layer fuzzy k-nn calculates the mensiips by the equation (4.2) and

the performance is calculated by the equation (4.4)

4.2.1 Some Comments on the Performance of Fuzzy &kad

Generalization

The performance of the SG varies greatly dependimgseveral parameters.
Specifically, the type of the individual classiBethe dimensions of feature vectors,
the size and distribution of training set, numbérclasses, and the relationship
between all of these parameters affect the perfiocma

It is well known that, for real life applicationshere there are too many linearly
non-separable classes, even if we increase thendiore of the feature space to
achieve seperability, the classification perforngadoes not increase due to the curse
of dimensionality problem. On the other hand, réuayche dimensionality by the
methods such as principal component analysis, ri@atian, and feature selection
algorithms causes the lack of information. Themfane needs to find a balance
between the dimensionality curse and the informatdeficiency with the
seperability problems, in designing the classifiers

Employing distinct descriptors for each classifearables us to split various
coherent properties of feature space, such as,&blape, and texture, which yields a

set of relatively low dimensional feature spaces,the individual classifiers at the
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base layer. It, also, allows us to control and wwpr the performance of the
individual classifier, independent of the other.

Moreover, implementing the classifiers on thediwdual feature spaces allows
us to deal with the features with consistent infation, since each sample is
considered in its individual space with its specéttributes without any deformation
of the space that could happen because of theaatiens with the other spaces. In
addition, the dimension can be restricted in thdividual spaces without loss of
information. Moreover, individual classifiers pramucomplete information about
the space and their structure, which is the infdionaon the quantity of the
generalization ability of the classifier on eacimpée. Therefore, the dilemma of
curse of dimensionality and the information gaimldobe controlled, up to a point.
As a result, this approach yields a better perfocaahan feeding the same and most
of the time high dimensional feature vector toohllhe classifiers [75].

At the meta-layer, concatenating the membershipegalof the base layer
classifiers as input vectors, also, controls trgree of the curse of dimensionality by
allowing the meta-classifier to do the mappingsirithe base layer output space to
the meta-layer feature space with two degreesesdivm parameters such as the
number of classes and the classifiers of the ks kpace, in some manner. Even
if, the dimension of the vector space that areiing the base layer classifiers varies
a great deal, in an architecture of C classes anlhssifiers each of which is fed by
K descriptors, the dimension of the meta-layer inyactor is fixed by;

dim(S,..) = CK (Equation 4.7)

This formula indicates that for a relatively lowmber of classes and classifiers,
the size of the input vector for the meta-classsfis reasonably small, which assures
to avoid the curse of dimensionality problem. Cdenation of the vectors at the
output of base layer classifiers helps us to |ehiffierent properties of the samples,
which may result in substantial improvement in frerformance. However, the
concatenation technique increases the dimensitimeofeature vector bgK. If one
deals with a problem of a high number of classesiclivmay also require high
number of base layer classifiers for high perforogarihe dimension of the feature
space at the meta-layer becomes large, causing agese of dimensionality. This

phenomenon is observed clearly for the architestungth higher number of
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classifiers[75]. However, one may realize that addiof each class will bring the
additional samples which represent that class i ttaining set. Therefore,
increasing the number of classes will automaticalrease the number of samples
in the training data. This fact gives directions flee success of SG even for high
number of classes. We will discuss these issutteinext chapter.

An analysis to show the decrease in performantieeasumber of classes and the
classifiers increase is provided in [75]. Sincadhare several parameters such as the
types of classifiers, the number of classes, tmel®u of descriptors, the distribution
of the feature vectors, and the mean and variapic®ese distributions, there is no
generalized model that defines the behavior of glbee€formance for high class
numbers.

The available research studies on the performamadysis on SG usually
investigate the linear architectures [24], [25].wéwer, the architecture used in this
work is doubly non-linear, because of the nonliitganf the classifiers and the

construction of the meta-layer feature vector.

4.3 A Discussion on the Performance of Fuzzy Stadke
Generalization

As mentioned in the previous sections, the perfoceaof the SG can not be
predicted by analyzing the parameters, such asntimber of the individual
classifiers, classes, and the training samplesausec of the large number of
parameters that affect the overall system in aljiganlinear structure. Especially,
the choice of the techniques for constructing thetastayer input space and the
choice of the meta-classifier are extremely conapdid problems. Although the
fuzzy classification technique, used in two-layerhitecture and concatenation of
the output vectors of the individual classifieresxthe dimension of the input vector
in the meta-layer, the increase in the class numbengs many problems, which
results in a decrease in the performance whenuhwer of classifiers are limited.
However, it is highly desirable to define a framekyavhich ensures an increase in
the performance of the SG, compared to the perfocmaf the individual classifiers.
Otherwise, using the expensive SG algorithms isingt but, waste of time and

effort, with unsatisfactory results.
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Wolpert [64], Ting and Witten [63] states that ®@ architecture performs better
when the individual classifiers can identify théefient parts of the feature space. In
such a case, the feature space of the input dédtasef layer classifiers are mapped to
a well separated feature space which include tsenis of the samples.

During our experimentations, we noticed that theegalization performance of
the overall SG highly depends on the design ofrtieing data. The performance of
the individual classifiers by the cross validatia,base layer, provides important
information about the contribution of each samptethe training data to the
generalization performance at meta-level. In otherds, if a sample or a group of
samples in the training data is correctly clasgifiy at least one classifier at base
layer, then, this group of samples contributesriprove the overall performance of
SG. Otherwise, these samples become spurious atattdihe feature space at the
input of the meta-layer. This observation is cdesiswith Wolpert [64], Ting and
Witten[63] which assures that the individual cléiess can identify the different
parts of the feature space. Therefore, during démstcuction of the meta-layer input
space which concatenates the feature spaces abfaime the individual classifiers,
it is wise to eliminate the spurious samples, whigoils the seperability of the
feature space. In order to assure the seperabilitthe input of meta-layer, we
modified the base layer feature space to includg thre samples that are correctly
classified by at least one classifier, in crossdeion.

Mathematically, in a 2-layer fuzzy SG architectaaomsisting ofC classes and
classifiers, let's assume that the datﬁetonsists total oN samples belonging 0

classes, each of which is correctly classified byeast one classifier. Then, the

number of samples which are correctly classifiedHsk" classifiers,n,, is defined
by the set;
S =04 ¥ (Equation 4.8)
Using the equations (4.3) and (4.4), we can de@inéower bound for the

performance of the" classifier . with the hypothesis functioh, as,

Perf(h)3 % , (Equation 4.9)
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for the special case that each sample is corretdBsified by at least one classifier.
In the extended case, where each sample can k&fieldorrectly by individual
classifiers, there would be overlapping between ¢beectly classified datasets

defined by the equation (4.8), and there may bectmeectly classified sample sets
which are defined by each classifier, thatSAigsrr = éc; S(; Ag.

For a special case that C=3, and K=3, and witraiseimption that each classifier

is correctly classified by just one classifier, #ammples belonging tay, is correctly
classified just by th&" classifier and=k. Therefore{x } %1 w;, {x }™1 w, and

{x 31 w,. The Venn diagram representation of the setgdisated in (Figure 4.1)
i,3i=1 3

Figure 4.1 Venn diagram representation of the correctlysifeei samples in the
classifiers

In that case, ignoring the order of the featured assuming that the dataset is

divided into 3 parts, each of which consistsmpéamples wittN =n +n, + n;;

S-(5E 9= {6 Wl Perf(m)=2 (Equation 4.10)
- (SF 97 {6 i Perf(h)=12 (Equation 4.11)
g' (SE S): {_ag, iY;} = Perf(rg)=% (Equation 4.12)



and the other subsets would be empty sets.
Therefore, following equation (4.2), the memberskeptor obtained from thig"

classifier,  , fed by k" descriptor,G, , for thei™ sample would be;

Q(Z(i,k) = %) %) - S ) - I ) (Equation 4.13)

If {y} % =w, then m(x,)=max(nx,))" F 1,2..n, with the normalization
C
property that  m(x;, ) =1.

c=1

and the membership vectors obtained from eachiftéags, respectively;

mx.) = X, %x,) )

m(X ;) = max(mx ,)) : (Equation 4.14)
E(l(i,z) = X, #Ax,) L%,
m(X; ,) = max(_”@ﬂ 2)) ' (Equation 4.15)
mMX )= X, #x,) L)
m(X 5) = max( /1 ,)) : (Equation 4.16)

In the concatenation process, the concatenated ership matrix is obtained by
equation (4.6);

med(s)= rx,) %, (X, - (Equation 4.17)

In the meta-classifier, the performance is caledabased on the meta-layer
feature matrix obtained from equation (4.17), inevtwords, the membership values.

Since the performance of the meta-classifier fugzyn j .. with the hypothesis
function h,_ .., Perf(hneta), is inversely proportional to the Euclid distancetmoe

which is used for the membership vector calculaiibequation (4.2);

1

m (Equation 4.18)
i \Bik

Perf(h.ew) ~

where (X, ) is the distance between, and its j™ nearest neighbor. Therefore, in

order to maximize the performance of the meta-dlasswe should minimize the
distance metric for the correctly classified sarmapbnd maximize the metric for the

misclassified samples;
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min(7; (X)), % [ {yj}]k:l
max(r; (x, )),otherwise

maxPerf (New)) ~ (Equation 4.19)

For the general cas€, classes ani classifiers which are fed by descriptors,

and eactk" classifier; , , is fed byk™ descriptor,G,,

r5(%) =|mx,) - 1, (mx,0)| : (Equation 4.20)

1

ri (%) =LTX,) - i (e )N T(CArx,)- )] (Equation 4.21)
for k=1,2,...K, i=12,...N andj=1,2....k.

The above theoretical analysis shows that, ififheample and thé samples are
from the same class, the performance would be ede since the class
membership values of the samples would be clogktl@nmetric would minimize.

On the other hand, if the samples do not belonthéosame class, the class
membership values of the samples obtained from dlassifiers should be
exclusively different in order to maximize the nietrThis fact indicates that the
individual classifiers should be able to make ddeepredictions on the samples for
improved performance.

Additionally, the number of the classifiers thatncalassify the samples
accurately in a diverse range directly affects distance metric. Therefore, as the
number of the classifiers that can perform the eateLclassification increase, even in
a diverse and partial range, the performance ofgdmeral architecture increases,
proportionally.

The performance increase is due to the equatiidgl4.16), which show that
the membership vectors obtained from each individizssifier form a line equation
in the feature space, where the correctly clask#ied the misclassified samples are
assembled on the line. In that case, the distaratdans applicable to the distances
between the lines. Moreover, even if the memberskigtors obtained from each
classifier is linearly dependent, the concatenatmncess destructs the linear
dependency, successfully.

Following the above theoretical analysis, the fingpothesis for an increased

performance of the overall SG could be stated lk®as;

42



Hypothesis 1 (Performance of SG) In a 2-layer Homogenous Stacked
Generalization architecture consisting of C-clasaed K-classifiers, fed by K
distinct descriptors; if a group of samples belaggio a specific class in a data set
can be classified correctly by at least one clessithen, the performance of the SG
gets higher than that of the performances of tlkvidual classifiers. The overall
performance of SG increases as the number of samblieh are correctly classified
by at least one classifier, is increased.

While the theoretical analysis of the performanaescdiption of the SG
architecture is based on the fuzzy k-nn, the hygmithcould be tested by the other
variations of the stacked generalization. Indepahdéthe classifier and the feature
combination structures, the hypothesis mentionssersity criterion for the feature
and the classifier spaces at the base layer thatldwancrease the overall
performance.

In the real world problems, the diversity and costghess of the feature sets can
not be controlled easily, and the conformity cahlveobtained clearly. In that case,
the diversity of the classification results can dmntrolled by force. One of the
methodologies in order to achieve the diversitythiss spurious sample elimination.
In complementary with Hypothesis 1, the sample iel&tion method is advanced in
Hypothesis 2:

Hypothesis 2(Elimination of Spurious Samples) In a 2-layer Homogenous
Stacked Generalization architecture consisting -afaSses and K-classifiers, fed by
K distinct descriptors; in the leave-one-out creafidation if the training samples
that can not be correctly validated by any of theeblayer classifiers are eliminated
from the meta-layer input dataset for the metadayassification process, then the
overall performance of the SG in the test stages degher than that of the
performance of the classification of the wholeiseluding the samples misclassified
by the base layer classifiers.

One of the drawbacks of the second hypothesisasttie sample elimination
method causes the loss of data on the samples ayd cause the curse of
dimensionality. On the other hand, sample elimaratontrols the decisions of the

individual classifiers at the meta-layer and ensltlee diversity at the meta feature
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set. In addition, as the number of classifiers taat classify the samples correctly
increase the performance of the architecture iser@aoportionally.
In the next chapter, the experiments that exantirevalidity of the hypotheses

will be introduced.
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CHAPTER 5

TESTING AND VALIDATING THE PERFORMANCE
INCREASE IN STACKED GENERALIZATION

“Give a man a hammer, and every problem looksdikeil.”

Paraphrase of comment by J. Friedman

5.1 Overview

For the experiments, synthetic data sets and thel Cataset are employed.
Firstly, a variety of synthetic data are producedtematically, such that each
classifier labels at least one group of data cdgrec Then, the effects of
classification performances of the individual ciisss on the performance of SG are
examined over different data sets. In order to cedilhe number of variables that
change the parameters discussed in the previoygerh#éhe data sets are produced
by Gaussian distribution via changing the mean @nariance of the distributions.
This enables us to overlap the classes as mucle #igay so that, we can control the
performance of each classifier, to label the saspterectly or incorrectly.

In the second part of the experiments, the dataséh the features extracted
from the Corel Dataset using 8 of MPEG-7 [48] dgdors, which are color
layout(CL), color structure(CS), edge histogram )Ete¢gion shape (RS), Haar (H),
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dominant color (DC), scalable color (SC), and hoemmys texture (HT), are
constructed. Then, the relations of the datasetd #"re constructed by the
classification of the individual descriptor featsireand the SG classification
performance are studied.

All the experiments on the Corel Dataset are dsedisin the third part.
Experiments are implemented by Matlab, using C/@mndé MPI library, on METU

High Performance Cluster.
5.2 Preparation of Synthetic Datasets

In order to study the performance of SG in a cdiettioexperiment apparatus, d-
dimensional Gaussian data sets are generated agphesentation of each class.

While constructing the data sets, with the meaatar, m. and the covariance

matrix S, of classc with the class conditional density,

f(x] m&Fm exp '%—(_X' _rQ)TS c_l(—x _rU)

that affect the bias and variance, are systeniigticaried. Experiments are
performed by changing botim, and S, to get an intuitive feeling about the behavior
of the SG. One can easily realize that there apbosive alternatives for changing
the parameters of the class conditional densitiethe d-dimensional vector space.
However, it is quite intuitive that rather then ttlganges in the class scatter matrix,
the amount of overlaps among the classes affecpainiwrmance of the individual
classifiers. Therefore, during the experiments uffice to control only the amount
of overlaps. This task is achieved by fixing theatance matri§_, in other words,
within-class variance and changing the mean vadfi¢lse individual classes, which
varies the between-class variances, .

The data sets are displayed in 2-dimensional Eegticspace for the visualization
of the feature vectors and for the simplicity ofe tiealculations of controlled
experiments. Definings, as the eigen-vector @&, and, /, are the eigen-values of
the data set, we have,

n=In, . (Equation 5.1)
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Therefore, the central position of the sample ifistion, constructed by data sets

in 2-dimensional space is defined by and rn,, and the propagation is defined by

| ;Y2 andl ;Y2 In the data sets, the covariance matrices ae fheland equal, the

eigenvalues on both axes are equal. As a reseltddlta sets are generated by the

circular Gaussian function with fixed radius.
5.3 Validation of Hypothesis-1 on Synthetic Datasdixperiments

In the experiments, 2 different apparatus are pespdn the first apparatus, the
relationship between the performance of the clessifat the base layer and the
performance of SG is explored. In the second appsréhe performance of SG is

investigated in terms of between-class-variances.

5.3.1 Comparison of the Performances of IndividuaClassifiers and
Fuzzy SG

In this set of experiments, a variety of data s®tgenerated in such a way that
each sample is correctly labeled by at least oassdler, in the base layer. The
number of samples in each class is taken as 2%Dfaarll2 classes, 3000 samples
with 2-dimensional feature sets are fed to eacksdiar as input. The performances
of the classifiers are observed by fixing the c@arare matrices and changing the
mean values of Gaussian class conditional densfticlwgeneralizes the feature
vectors. Therefore, the classes that are to besifitbas by high accuracy are
distributed separately, from the other classes ware overlapped in some ratios.

In order to avoid the misleading information instigiradual overlapping process,
the classes are first generated apart from ea@n ttassure the linear separablity, in
the initialization step. Then, the distance amdrg mean values of the classes are
gradually decreased. The ratio of decrease isteeles one tenth of between-class

variance of each 2 classeg andw,." ¢ x,c=12,..C,x=12,..C, which is,

rc,x:ESE'é, where S;’é:HmC- fT](H The termination condition for the

CX —
algorithms is e _O," ¢ x. At each epoch, only one of the mean values
c,X
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approaches to the mean value of another classe Wwhiping the rest of the mean
values fixed. DefininK as the number of classifiers fed Kydescriptors andC as

the number of classes, the data generation algoiglgiven below:

Algorithm 5. 1: The synthetic dataset generation algorithm

Initialize : Generate linearly separable data sets of classparstely
1. foreachx=1,2,.....,C-1
2. for each k=1,2,......... K
3. foreach c=1,2,......... ,C

—h

in the K' classifier, i «» group C classes by moving the dataset g

w, over the dataset af, via I ,, such that the class will be

overlapped,Sge = 0.

end for(c)
5. end for(k)
6. split the data sets into two randomly selectadsy and construct test
and training sets.
7. perform classification in SG using test and trainsets.
8. end for(x)

In the first set of the experiments, 12 classesh €ansisting of 250 samples, are

classified using 7 base layer classifiers. Theufeasets are prepared with fixed and
equal T, =[S, ...S.T, which is the covariance matrix of the classesribisted in

5

v T =
G = ¢

5
g "¢,& 1,2,.,1, k=1,2,..., 7 In other words,/;”*=5 and

/,Y? =5 (equation 5.1).

Meanwhile, the classes are distributed with différe,. and converged towards

each other using Algorithm 5.1. The convergencaimef; . , is selected as 5. The
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matrixM, =[m, JZ,, with the row vectors that contain the mean vahfesach class

1

c at each descript&=1,2,..., 7 ,m,,, are as follows,

M:[M1|M2|M3|M4|M5|M6|M7] '

-10 -10 -10 -10 -10 -10 -10 -10 -10 -10 10 15 25 5-
-10 10 -10 10 -10 10 -10 10 25 25 0 0 15 1
10 -10 10 -10 10 10 20 -10 15 -15 -10 -10 -25 -
15 15 15 15 25 25 15 15 15 15 10 10 15 1
15 5 25 0 -15 5 15 5 -15 5 15 15 5 -1
25 0 15 5 15 5 15 5 15 5 15 5 0 0

With the matrix introduced above, the distributioh the classes in each
descriptor is controlled such that the classifamatperformances of the individual
classifiers for a specific class are limited toward 90%.

In Figure 5.1, the distributions of the classesath descriptor are visualized

from (a) to (g), from Descriptor 1to Descriptor 7 respectively.

Iraimiag stz Test Hals

m2

Figure 5.1: Distribution of the classes d8) Descriptor 1(b) Descriptor 2,
(c) Descriptor 3(d) Descriptor 4(e) Descriptor 5(f) Descriptor 6(g) Descriptor 7
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In this epoch, it is visualized that different cdas are distributed with different
topologies in each classifier by different overleygpand discrimination attributes.
For examples, the ninth class is located with ddnglistance relative to the other
classes in Descriptor 7, while it is overlappedhwihe other classes in other
descriptors. The classification performance of tivgh class for each distribution
can be seen from Table 5.1. In this way, the diaasion behaviors of the classes are
controlled through the topological distributionsdathe performance criteria in

equation (4.19) is verified.

Table 5.1:Comparison of the performances (perf %) of indiaidu
Classifiers § ,, i ,.i 3.1 41 5,1 gandj ;) with respect to the classes (C) and the
performance of SG

i1 i2 i3 i 4 is i 6 i7 SG
Cl 66 63.6 | 67.6 | 62.8 |61.6 | 85.6 | 50.0 | 100
C2 67.2 | 60.8 | 49.6 | 50.8 | 98.4 | 38.4 | 36.8 | 100
C3 544 | 58.8 | 50.8 | 85.2 | 72.4 | 53.6 | 47.6 | 99.2
C4 66.8 | 64.0 | 96.8 | 66.4 | 61.6 | 22.8 | 37.6 | 100
C5 60.8 | 90.0 | 56.0 | 63.6 | 75.2 | 38.8 | 48.4 | 100
C6 91.6 | 57.2 | 69.6 | 54.0 | 66.0 | 43.6 | 73.6 | 100
C7 57.2 | 55.2 | 65.2 | 57.6 | 60.8 | 37.2 | 94.4 | 100
C8 78.4 | 75.6 | 86.0 | 69.2 | 54.4|61.6 | 97.6 | 100
C9 40.8 | 41.2 | 36.0 | 36.0 | 32.8| 26.0 | 99.6 | 100
C10 440 | 324 | 32.0 | 38.0 | 37.6 | 43.2 | 95.6 | 100
Cil1 32.0 | 35.2 | 33.6 | 40.0 | 39.6 | 92.8 | 38.8 | 99.6
C12 376 | 39.6 | 344 | 52.0 |44.4| 97.2 | 63.6 | 99.6
Total
Performance 58.0 | 56.1 | 56.5 | 56.3 | 58.7 | 53.4 | 65.3 | 99.9

In Table 5.1, performances of individual classgi@nd the performance of SG
are given for an instance of dataset generatedhbyabove algorithm. For that
particular instance, note that, the performancehef individual classifiers are in
between 26-75% for 12 classes and the overall prdoce of SG is 99%. Highest
performance for each classifier indicates the clagh the largest between class
variances, which are indicated by underline.

As mentioned above, the data sets are construttaech a way that each sample

is correctly recognized by at least one classifidthough the performances of
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individual classifiers are around 55%, the clasatibn performance of SG is around

100%, verifying Hypothesis 1.
20 20 -10 -0 -0 -10 -0 -0 10 -0 10 -15 15
20 20 -0 10 -0 110 -0 10 5 10 0 0 5
0 -10 20 20 10 -0 10 -10 15 -5 -10 -10 -10 -
15 15 25 25 5 5 5 10 15 15 10 10 -15 L
15 5 5 0 25 25 -0 5 5 5 15 15 5 -1
5 0 15 5 25 25 15 5 15 5 15 § 0 o0
M=5 1% 5 15 5 15 25 25 5 10 10 15 -5 5
5 20 5 10 5 5 25 25 5 15 15 10 5 £
5 5 S5 5 5 5 5 5 25 25 15 10 5 5

In Figure 5.2, the distribution of the classes witie given matrixM is

introduced.

+ (2
Tramngata . . - Test Data

(a)
Figure 5.2: Distribution of the classes d8) Descriptor 1({b) Descriptor 2(c)
Descriptor 3(d) Descriptor 4(e) Descriptor 5(f) Descriptor 6(g) Descriptor 7
In that epoch, the classes are distributed in alogy different from Figure 5.1.
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In that case, different classes are distributelnigiter relative distances and with
different overlapping ratios.

In Table 5.2, the performance results of anoth@ckpf the experiments are
introduced. The corresponding mean value matrigawh class at each descriptor is
the following;

Table 5.2:Comparison of the performances (perf %) of indiaidu
Classifiers ¢ ,, i ,.i 3,1 41 5.1 g@Ndj ;) ith respect to the classes (C) and the

performance of SG

i1 i2 i3 i 4 is i6 i 7 SG
C1l 97.2 67.6 68.4 69.6 28.0 53.6 65.6 100
Cc2 96.8 63.2 63.6 41.6 67.6 44.4 30.0 100
C3 56.4 95.2 57.2 66.8 56.8 47.2 66.4 | 99.6
C4 60.8 98.0 22.8 30.8 62.0 24.4 46.0 100
C5 56.8 24.0 96.8 27.2 44.8 38.8 50.4 100
C6 32.8 68.4 97.6 71.2 57.2 43.6 14.0 100
Cc7 54.0 65.6 74.4 96.8 52.4 36.8 24.4 | 99.6
C8 77.2 43.6 29.6 98.4 48.0 65.6 27.6 | 99.6
C9 45.2 34.0 35.2 35.2 98.8 24.8 29.2 100
C10 40.0 33.6 22.4 47.6 90.4 33.6 18.0 100
Cl1 49.2 28.4 38.0 28.0 38.4 | 100.0 26.0 100
C12 34.8 34.4 22.4 34.4 44.4 65.2 98.8 100
Total
Performance 58.433 | 54.667 | 52.367 | 53.967 | 57.4 | 48.167 | 41.367 | 99.9

In the third set of the experiments, samples astibuted in the descriptors such
that each classifier can correctly classify attlesee class with approximately 80%

performance limit. The corresponding mean valueimé,

-125-125 -10 -10 -10 -10 -10 -10 10 -10 10 -:1551 5
-10 15 -10 10 -10 10 -10 10 -5 -10 O 0 -5 1C
10 -10 15 -15 10 -10 10 -10 15 -5 -10 -10 -10
15 15 19 19 5 5 -5 10 15 15 10 10 15 A
15 5 -5 0 -175 175 -10 5 -5 5 15 15 5 -1
M = -5 0 15 5 175 175 15 5 15 5 15 5 0 0
5 15 5 15 5 15 175 175 5 10 10 15 -5 5
5 20 5 -10 5 -5 175 -175 5 15 15 -10 5 -£
5 5 5 -5 -5 5 5 5 -15  -15 15 10 5 5
5 5 5 5 5 5 5 5 225 225 0 0 5 0
5 5 5 5 -5 5 5 5 -5 5 -10 10 -10 10
5 5 5 5 5 -5 5 5 5 5 15 -15 15 -1



In Figure 5.3, the distribution of the classes witte given matrixM

introduced.
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In Table 5.3, the performance results of the expeni are introduced. The

corresponding mean value matrix of each classcit éascriptor is the following;

Table 5.3Comparison of the performances (perf %) of indiidu
Classifiers § ,, i ,.i 3.1 41 501 g@Ndj ;) ith respect to the classes (C) and the
performance of SG

i1 i2 i3 i 4 is i6 i 7 SG
C1 82.8 63.6 66.0 712 | 32.0 54.0 67.2 | 99.6
C2 73.2 63.6 48.0 344 | 51.6 37.6 29.6 | 97.2
C3 55.2 78.0 59.6 51.2 | 62.4 46.8 69.6 | 98.4
C4 61.2 82.0 26.0 312 | 444 17.6 52.8 | 98.4
C5 53.2 23.2 76.8 29.6 | 41.2 39.6 45.2 | 100
C6 24.8 66.4 87.2 62.0 | 56.4 42.4 21.2 | 98.8
C7 54.0 63.2 54.8 88.4 | 55.2 36.8 23.6 | 98.4
Cc8 80.8 39.2 22.8 74.8 | 45.2 63.2 23.6 | 96.4
C9 39.6 33.2 33.2 29.6 | 83.6 21.6 29.6 | 99.2
C10 38.4 35.6 30.8 47.6 | 82.8 38.0 24.0 | 99.2
Cl1 33.2 30.0 30.8 30.4 | 38.8 84.4 29.6 | 96.4
C12 40.4 33.2 28.0 404 | 32.4 58.8 81.2 | 99.2
Total
Performance 53.1 50.9 47 49.2 52.2 45.1 41.4 | 98.4
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In the fourth set of the experiments, samples #&tilouted in the descriptors
such that each classifier can correctly classifieast one class with approximately

70% performance limit. The corresponding mean valagrix is,

12 -12 75 -75 -10 -10 -75 -75 10 -10 10 -15 105
-10 10 -8 8 -10 10 -10 10 -5 -10 O 0 -5 1c
10 -10 10 -15 10 -10 10 -10 10 15 -10 -10 5 -4
15 15 15 175 5 5 -5 10 15 15 10 10 -15 1
15 5 -5 0 -15 15 -10 5 -5 5 15 15 5 -1
-5 0 15 5 15 15 10 5 10 5 10 5 0 0
5 15 5 15 5 15 10 15 5 10 0@ 15 -5 5
5 -15 5 -10 5 -5 15 -15 5 15 -15 10 5 -5
-5 -5 -5 -5 -5 -5 -5 -5 -10  -15 15 10 5 5
5 5 5 5 5 5 5 5 20 20 0 0 5 0
-5 5 -5 5 -5 5 -5 5 -5 5 -5 10 -10 10
5 -5 5 -5 5 -5 5 -5 5 -5 15 -15 10 -1

In Figure 5.4, the distribution of the classes witie given matrixM is

introduced.

1 Test Data

Training Data

c10

(@)

Figure 5. 4: Distribution of the classes &8) Descriptor 1(b) Descriptor 2(c)
Descriptor 3(d) Descriptor 4(e) Descriptor 5(f) Descriptor 6,(g) Descriptor 7
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In Table 5.4, the performance results of the expeni are introduced. The

corresponding mean value matrix of each classcit éascriptor is the following;

Table 5.4:Comparison of the performances (perf %) of indiaidu
Classifiers ¢ ,, i »,i 3,1 4+i 5.1 g@nd;j ;) ith respect to the classes (C) and the
performance of SG

i1 i i3 i 4 i5 i6 i 7 SG
Ci 75 42 68 52 36 62 46 99
C2 64 45 41 38 43 37 32 98
C3 46 72 60 40 39 52 46 88
C4 68 72 23 33 45 17 59 98
C5 54 22 70 28 40 42 32 100
C6 22 68 74 50 46 28 18 97
C7 65 62 50 72 44 34 20 96
C8 55 30 25 75 44 61 18 89
C9 36 24 36 30 67 32 23 100
C10 42 32 24 27 74 32 21 98
C11 31 17 34 16 38 70 26 95
C12 33 28 27 41 38 67 68 100
Total
Performance 49.3 | 429 | 443 | 418 | 46.1 | 444 | 342 |96.4

5.3.2 Comparison of the Between Class Variance withe

Performance of Stacked Generalization

In this set of experiments, the relationship amtiregsum of the between class
variances of the data sets in each classifier laagérformance of SG is explored. In
the first experiment, the data set is constructefbbming 2-classes, each having 500
samples, in 2-dimensional feature space. In Figufe-a, the axes represent the
number of samples correctly classified by classifie C§ and the number of
samples correctly classified by classifier 2,,CSrespectively, and the z axis
represents the number of samples correctly clagsby SG, C&s. In Figure 5.5-b,
the relationship between the tosa)c in the base classifiers,sgc and the number

of samples correctly classified by SG,L% shown.
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Figure 5.5: (a) The relationship between the number of sample®cty classified
by base classifiers and the number of samplesattyidassified by SG(b) the
relationship between the to&dc in base classifiers and the number of samples

correctly classified by SG
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In Figure 5.5-a, it is observed that some points asacentrated at two
intersecting lines on top of z-axis. This is beeaos the fact that once a classifier
reaches a relatively higher performance comparedh& other classifier, this
performance dominates the other classifier resulam accumulation at the top
edges.

In Figure 5.5-b, the performance of SG reaches an @tsyenat the poinp where
the classes are well separated. Notice that, upetgointp, different combinations

of s, ‘s that sums up to the same valugsc results in different SG performance,

and that results in an interval of performancesafired Sgc.

In Figure 5.6-a, similar experiments of 3-classbfgm consisting of 1500
samples are displayed. In Figure 5.6-a, the reiatigp between the totakc for the
first classifier,sgc,1 and the total sgc for the second classifieggc2 and the
number of samples correctly classified by SGg&£iS shown. In Figure 5.6-b, the
relationship between the totsgc for the base classifiers,sgc and the number of
samples correctly classified by SG, 4% shown.

In the experiments, a sigmoidal relationship betwéhe performances of the

base layer classifiers and the performance of SfBssrved.

Figure 5.6: (a) The relationship between the ta$ak in the first and second

69



classifier, and the number of samples correctgsified by SG(b) totalsgc of 3
classes and the performance of SG

Figure 5.6(Continued)

In the figures, it is observed that the same vafuetalsgc in the base classifiers
have several different corresponding correctly sifesi values of SG, in other
words, different topological distribution of theaskes corresponding to the same

Sgc results in different classification performances.

The sigmoid function observed from the experimés)ts

Performang SG¢= A (Equation 5.2)

(1+B.expt S..0))

c

depends on parameters A, B and C. which is to tiem&®d from the training data.

This function may lead to an open ended discusaimut relation between the
between-class variance of the base layer inputifestand the performance of the
SG. If there is such a relationship, the mappingsvben the feature spaces of the
hierarchical architecture may be estimated thragmation (5.2).
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5.4 Validation of Hypothesis-1 on Corel Data

In this section, the validation of thelypothesis -lis examined with the
experiments on the Corel Dataset classes using FQAP visual descriptors Color
Structure (32 dimensional), Color Layout (12 dimenal), Edge Histogram (80
dimensional), Region-based Shape (35 dimensionBpminant Color (16
dimensional), Scalable Color (64 dimensional), Hgemmus Texture (62
dimensional) [46] and Haar Coefficients (195 dimenal) [76]. In the experiments,
4 to 8 descriptor combinations; 4 (Color Structuf@olor Layout, Edge Histogram,
Region-based Shape), 5 (Color Structure , ColoougyEdge Histogram, Region-
based Shape, Haar) , 6 (Color Structure , ColoougyEdge Histogram, Region-
based Shape, Haar, Dominant Color) , 7 (Color 8irac, Color Layout, Edge
Histogram, Region-based Shape, Haar, Dominant C@&oalable Color), and 8
(Color Structure , Color Layout, Edge Histogram,gRae-based Shape, Haar,
Dominant Color, Scalable Color, Homogenous Textdescriptors are used.

MPEG-7 standard is developed by Moving Picture Eep&roup in order to
describe the audio, video and visual multimediatets by the acquisition of the
maximum information coded in the media for a broadge of applications [77]
[781,[79].

MPEG-7 descriptors are chosen to be the featumaaats on Corel Dataset
since they generate descriptions with high variaand a well-balanced cluster
structure [46]. Since the mean and the standaritil@v of the features describe the
location and distribution of the samples, the highiability property allows us to
construct highly distinguished samples for the Caamples. In addition, the
descriptors are independent of each other by pimyitligh between class variance
values. Therefore, the structures of the featuracesp are consistent with the
synthetic datasets, and provide wealthy informati@nability.

The 10 classes used for the experiments are Newe@uBeach, Rome, Bus,
Dinosaurs, Elephant, Roses, Horses, Mountain, aimdnd) each contain 100
samples from the dataset, and 50 of the samplesaci class are used for the
training and the remaining 50 samples are usede&img. In the homogenous SG

structure, all of the classifiers are fuzzy k-NNithwoptimized k-values for each
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iteration. In the experiments, fuzzy knn is impleriesl both in Matlab and C++,
where C++ implementations classified 2% more saspldhan Matlab

implementations. For C++ implementations, the fiiedi modification of

Approximate Nearest Neighbor library is used.

In the first group of the experiments, the sampeshe training and test set
which cannot be correctly classified by at lease atlassifier are labeled as
misclassified (MGaining) and MGesiing ,respectively. These samples are eliminated
from the data sets, therefore new dataset corfistee samples which are correctly
labeled by at least one classifier at the baser.ldyefining K as the number of
classifiers fed b descriptors, mesy x as the membership vector obtained from the
cross validation on the training set in tH2 dtassifier, mems;as the membership
vector obtained from test set in th® dassifier, MGaningx a5 MC set obtained over
the training data set in thdkclassifier, MGesiingk as MC set obtained over the test

data set in the'kclassifier, the algorithm is given below:

Algorithm 5. 2 Misclassified training and testing data eliminatadgorithm
1. foreachk=1,2,..... K

2. CalculateMC

training k
3. CalculateMC g4 «
4, Calculatemem,,
5. Calculatemem,, ,

6. end for(k)

K
7. CalculateMC = k|§1(MC waining)

training
8. Concatenatenem,, , ,for the meta-layer input training dataset

9. Eliminate the samples of x framem., wherexI MC

training

K
10. CalculateMC = EI(MC

testing testing,l)

11. Concatenatenem,, for the meta-layer input test dataset
12. Eliminatethe samples of z fromem__,wherezi MC

testing

13. Perform the meta—layer classification
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The performances of the classifications using H3s#s are introduced on the
Table 5.5.

Table 5.5Performances of 10 Class Experiments for test data

10 Class Without with Performance
. MC Sample | MC Sample :
Experiments oo o Gain
Elimination Elimination
4 Descriptors 85.6% 86.9% 1.3%
5 Descriptors 86.6 % 88.0% 1.4%
6 Descriptors 85.6% 87.2% 1.6%
7 Descriptors 85.4% 86.0% 0.6%
8 Descriptors 85.8% 87.0% 1.2%

In Table 5.6, the number of samples eliminated freach class, that is the
number of MC samples for each class, in both tngirfir) and testing (te) phases are

given.

Table 5.6:Number of MC samples from each class, in 10 a&sssification
with 4 Descriptor, 5 Descriptor, 6 Descriptor, 7sPeptor and 8 Descriptor
experiments, with each class of 50 samples, in tsathing (tr) and testing (te)
phases
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In the experiments, it is observed that, when tle¢artayer input data space is
constructed by eliminating MC samples from the b&seer output space, the
classification performance of SG is increased. Bbiservation offers an approach to
one of the black art problems of SG which is thastaction of meta-layer input
space.

As it is expected, as the number of classifiersease, the number of MC
samples in the tests decreased, and the perforngamteecreased. However, this is
because of the fact that MC samples of test setelaninated. In the next section,
by only eliminating the samples from the trainingtss the performance gain

increased as the number of the descriptors inadease
5.5 Validation of Hypothesis-2 on Corel Data

In this section, the validation of thElypothesis -2is examined with the
experiments on the Corel Dataset classes. In tiperements, 4 to 8 descriptor
combinations of the MPEG 7 descriptors are used &®eto 20 classes, each of
which contain 100 samples from the dataset. 58ef&amples of each class are used
for the training and the remaining 50 samples asgldor testing. In the homogenous
SG structure, all of the classifiers are fuzzy k;NWth optimized k-values for each
iteration.

In the experiments, the samples that are not diyredeled by any of the base
layer classifiers are determined by cross-valisato the training and test dataset.
These samples are considered as spurious samplgdamed on misclassified (MC)
sample sets obtained in training and testing psE®SMGaining , and  MGaining
samples are extracted from training data sets.

In this section, the elements,] MCuainng are extracted from the meta-layer

input data set( in other words, base layer outet)t 81 order to construct the data set
in a topology that will include only the correcttyassified samples. So, in some
manner, a dataset to be the input for the meta-tinge contains the samples that are
defined by at least one of the base layer classifgeconstructed.

Defining K as the number of classifiers fed Kydescriptors, meayx as the
membership vector obtained from the cross valigiatin the training set in thé"k

classifier, memasx as the membership vector obtained from test sethé K’
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classifier, and MGuiningx @8 MC set obtained over the training data sehén K"
classifier, the sample elimination algorithm isegivbelow:

Algorithm 5. 3: Misclassified training data elimination
1. foreachk=1,2,..... K

2. CalculateMC

training k
3. Calculatemem,,
4. Calculatemem,, ,

5. end for(k)

K
6. CalculateMC = k|§1(MC waining)

training
7. Concatenatenem, ,for the meta-layer input training dataset
8. Eliminate the samples af from mem,, wherexi MC

training

9. Perform the meta—layer classification

After extracting the samples from the dataset, the features of the remaining

samples obtained from different classifiers arecatenated and fed into the meta-
layer classifier. In Table 5.7, the experimentslamented on four descriptors; color
layout, color structure, edge histogram and regbape with 10 classes of 100
samples; New Guinea, Beach, Rome, Bus, Dinosaleph&nt, Roses, Horses,
Mountain, and Dining are introduced. The perforngnare introduced for Cross
Validation on training set and for the test sete Total number of the elements of the

dataset is 1000, with 500 samples for training, 30 samples for testing.

Table 5.7:10-classes, 4 Descriptors Experiment

Training Test
Performance Performance

Color Layout 67.2% 67.8%
Color Structure 80.4% 80.6%
Edge Histogram 59.8% 57.4%
Region Shape 38.6% 35.8%
Number of misclassified Samples 33(6.6% ofthe 35 (7% of the

dataset) dataset)
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In the experiment, after removed 33 samples froendataset, 467 samples are
fed into the meta-layer classifier. After the clisation process, 86.9% performance
is obtained with approximately 1.3% performancengaince SG obtained 85.6%

performance without extracting the samples.

Table 5.8:Performances of 10-class classification with 8 Dipsars Experiment

Training Testing
Performance Performance

Color Layout 67.2% 67.8%
Color Structure 80.4% 80.6%
Edge Histogram 59.8% 57.4%
Region Shape 38.6% 35.8%
Haar 61.0% 62.8%
Dominant Color 53.8% 51.0%
Scalable Color 76.6% 77.2%
Homogenous Texture 46.8% 48.6%

Number of MC 18 (3.6 % of the 15 (3 % of the
Samples dataset) dataset)

In this experiment introduced by Table 5.8, 8 digsors are used for the level-0
classifiers. Since the number of the descriptorgncseased, the number of MC
samples is decreased. In the experiment, 18 arevedrfrom the training data set.
The test dataset is classified with a performarfc8704% by approximately 1.6%
performance gain compared to the performance obtiiggnal data set 85.8%.

Figure 5.7 shows a sample image that cannot tssifitd by the 4D, 5D, 6D,
and 7D classification experiments of 10 classesc#s be seen clearly, the sample
includes different attributes, such as man, sea,naountain that are meaningful for
different descriptors. This causes the distributddrthe points of the feature vector
extracted from the picture take place in an entthgtate with other feature vectors

resulting with de-coherence of the classes.
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Figure 5.7: A sample image form mountain class that the firdegcriptors can not
define

In the experiment presented by Table 5.9, 5 clagsesimn, Bhutan, California
Sea, Canada Sea, and Canada West classes aret@addediata set. Therefore, the
total number of the samples became 1500, with @6@#&ining and 750 for testing.
In the experiment, 8 descriptors are used and 96(&P the dataset) samples are
removed from the dataset. After the samples armeed, 67.7% performance is
obtained with 3.2% improvement compared to the eglsere no sample removal
which is 64.5%.

Table 5.9:Number of samples eliminated from the trainingadat15 class
classification with , 8 descriptors experiment,iwetach class of 50 samples

Performance Training Performance Test

Performance

Color Layout 49.47% 46.67%
Color Structure 61.3% 61.20%
Edge Histogram 42.27% 40.00%
Region Shape 25.20% 22.93%

Haar 46.13% 46.13%
Dominant Color 36.93% 35.07%
Scalable Color 58.00% 61.07%
Homogenous Texture 33.87% 35.60%

Number of MC Samples 96 (12.8d% of the training 100_(;3.3 % of the
ataset) training dataset)

In Table 5.10, the performances of the 10 classsiflaation experiments by

eliminating the MC samples, and without eliminatitt,e MC samples, and the

corresponding performance gains are provided.

77




Table 5.10:Performances of 10-Class Experiments

Without With MC Performance
10-Class Experiments | MC Sample Sample Gain
Elimination | Elimination

4 Descriptors 85.6% 86.2% 0.6%

5 Descriptors 86.8 % 87.6% 1.8%

6 Deccriptors 85.6% 86.4% 0.8%

7 Descriptors 85.8% 86.2% 0.4%

8 Descriptors 86.4% 87.4.% 1.0%

In the Table 5.11, the number of elements elindidas given per classes in 5

Descriptors and 8 Descriptors with 15 class clasgibn experiments.

Table 5.11:Number of samples eliminated from each class, id5-class
experiments, with each class of 50 samples

Classes 5 Descriptors 8 Descriptors
Experiment Experiment
Test Training | Test | Training
New Guinea 19 17 14 13
Beach 26 15 17 12
Rome 3 1 2 0
Bus 4 8 3 7
Dinosaurs 2 2 1 2
Elephan 9 8 5 3
Rose 15 18 12 16
Horse: 22 28 16 19
Mountair 17 13 9 9
Dining 8 6 2 3
Autumn 1 4 1 2
Bhutan 8 4 4 2
California Sea 2 0 1 0
Canada Sea 3 8 2 4
Canada West 12 7 10 4
Total Number of MC Sampl 151 13¢ 10C 96

In Table 5.12, the performances of the 15 clasem/xgnts by eliminating the
MC samples, and without eliminating the MC samplasd the corresponding
performance gains are provided.
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Table 5.12:Performances of 15-Class Experiments

Without MC With MC | Performance
15-Class Experiments Sample Sample Gain
Elimination | Elimination
5 Descriptor 65.3% 66.4% 1.1%
6 Descriptor 62.3 % 62.3% 0.C%
7 Descriptor 62.8% 64.0% 1.2%
8 Descriptor 64.5% 67.7% 3.2%

Consequently, since the extra classes reduce tfierpances of the individual
classifiers, the total number of MC samples is@ased. As can be seen from the
Table 5.11, the added 5 classes intended to disperdne feature space by damaging
the space of the classes New Guinea, Beach, Résesgs, and Mountain.

In the next group of experiments, 5 more classésa Croatia, Death Valley,
dogs and England are added to the present cldas€able 5.13, the performances
of the 20 class experiments by eliminating the M@gles, and without eliminating

the MC samples, and the corresponding performaaites gre provided.

Table 5.13:Performances of 20-Class Experiments

Without MC With MC Performance
20-Class Experiments Sample Sample Gain
Elimination Elimination
4 Descriptors 52.4% 54.0% 1.6%
5 Descriptors 50.7% 52.3% 1.6%
6 Descriptor 499 % 51.8.% 1.9%
7 Descriptors 50.9% 53.0% 2.1%
8 Descriptors 52.9% 56.2% 3.3%

In the experiments, it is observed that as the muob descriptors increase, the
number of MC samples decrease and the data sstsispoiled. In 10 class, 15 class
and 20 class experiments, the most successful iexgretis are implemented by the
least and the most number of descriptors, suchusisig 4 descriptors and 8
descriptors. However, as the number of descriptuneased, the performance gain
increased, since the number of MC samples decrdasétue increasing number of
descriptors. However, the structure of the claaseisthe impact of descriptors on the

classes affect the results.
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PART 2

A NEW THEORETICAL FRAMEWORK FOR ENSEMBLE
LEARNING WITH FUSION

In the second part of the thesis, a theoreticalyaisaof Stacked Generalization
architecture is conducted. For this purpose, sotbms are proposed and proved by
following the hypotheses of the first part and ekang the feature space
transformations.

Firstly, the meta-layer input space is theoretycalhalyzed, where the doubly
non-linear architecture of Fuzzy SG is transforrred a linear architecture. Based
on the investigationg,heorem 1which promises the existence of the solution & th
linear equation obtained at the meta-layer dataesps proposed and proved. The
rate of increase in the classification performanic8G is formalized byrheorem 2.

Secondly, transformations of the feature space ttoerbase-layer descriptors to
the output space of the classifiers for the megaflanput space is geometrically
investigated. Then, by investigating the linearasapility conditions of meta-layer
feature spaceTheorem 3which states the conditions for the linear sepéitphs
proposed.

Thirdly, from the analyses of the meta-layer featspace and the relationships of
the error functions of the base-layer classifierd the meta-classifieTheorem 4
which states the relationship of the meta-layetui@aspace and the performance of
the classifiers is proposed and proved. Then, ther ef the SG is formalized by
functional analysis inTheorem5,which states the conditions for the performance
increase of SG. Through the investigations of éationship between the base-layer
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feature space and the hypothesis function spacte aflassifiersTheorem 6which

states the performance bound for SG, in termsedfelationships, is constructed.
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CHAPTER 6

A NEW THEORETICAL FRAMEWORK FOR ENSEMBLE
LEARNING WITH FUSION AND META-FUZZIFIED YIELD
VALUE

6.1 Introduction

In most of the pattern recognition problems, featwpace is formed by
concatenating more than one descriptor to provite riecessary and sufficient
information for representing the object classesis Ttommonly used technique,
employed for feature space fusion, brings extra ggot® solve the problems in
application domains such as face [80], [81], anelesp recognition [82], [83] and
biometric authentication [84]. In stacked genesdlan, feature spaces at any layer
can be formed by concatenation of descriptors noua forms, as explained in the
previous chapter.

The motivation for the concatenation of the featspaces is to combine non-
homogenous feature sets, to form a better feapaees[85]. On the other hand, the
concatenation process should be considered careRiiss and Govindarajan [86]
state the major problems of the feature space tematon as the incompatibility of

the feature sets of multiple modalities (e.g., ditteibutes of fingerprints and eigen-
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faces), the unknown relationships between featuspsces, the curse of
dimensionality problem of the concatenated featuweetor, and the convenient
selection of the classifier for the concatenatedtuiee space. However, feature
selection, normalization and dimensionality reduttiechniques, such as the kernel
machine methods, can be used for the solutionsetdetature space fusion problems
[87].

Ironically, even though the concatenation methadssaccessfully applied to the
pattern recognition problems, the structure of dbacatenation transformation and
the argument of its success could not be analynddeaplained clearly. Therefore,
the concatenation operation is applied intuitivatya tool from the “black box” of
the “Black Artist”. In the present chapter, the structure lué toncatenated feature
spaces and the mappings between the spaces aretitaly and experimentally
investigated in order to clarify the concatenatwocess which is the black box of
feature level fusion.

In the next section, the concatenation transfownatiof the generic feature
vectors are theoretically discussed. In the thedtisn, the concatenation of the
meta-layer features on the fuzzy SG architectumevisstigated. In the fourth section,
a new stacked generalization algorithm, called retaified yield value (Meta-
FYV), is introduced.

6.2 The Analysis of Concatenation Operator

Concatenation is a commonly used operator in coenpstience by different
fields, such as logic theory, automata theory [@8}tern recognition[89] and coding
theory [90] for different purposes like construgtitogical connectives, reducing
transmission channel error and feature space camtistn. In the present work, we
focus on the application of the concatenation dperéor the fusion of feature
spaces.

In pattern recognition, the feature vector is medi as an n-dimensional vector

that represents the attributes of the patterndjacts. By definition [91], any feature

vector xIA "can be expressed as ;
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X=agt+taeg+..t ae (Equation 6.1)
where {e} " form the standard basis &"and{a} _ is the set of coordinates af.

In most general case, let us consider the condéadenaf two matrixedJ TA ™"

and VIA ™Pconsisting of  feature vectors,  {u}" 1A ™,
U =[u, u, ... u,]andv}? 1A ™ V =[v, v, ... v ] withnand
p dimensions, defined by two different ba{ig}in=1 and{Li}izl;
U=af af +.&af , (Equation 6.2)
V=bj ) +.5 /'p_p : (Equation 6.3)

The concatenation operation is another featureixnalbtained by appending the
entries ofU andV , yielding n+p dimensional matrix. The basic motivation for the
concatenation is to combine the feature spaceshefpatterns for a high level
information about the patterns.

Mathematically, the matrix concatenatiddon(U, V) can be defined as,

T T

Y = Con(U,V)= v : (Equation 6.4)

Y=laf taf +.&af bj, by , +of p_p] (Equation 6.5)

where the concatenation of the basis is,

F=[ff, f]j, f ] (Equation 6.6)

—p
The concatenated matrix is mby n+p dimensional feature matrix.

One of the challenging problems of the concatenatibfeature matrix is the
normalization of the features during the concaienatSince different vectors
contain different magnitudes of the attributes,eatdire space may dominate the
others, which may cause serious problems for therithms based on the distance
metrics. Another problem with the concatenatiorthie dilemma of the curse of
dimensionality versus dimensionality reduction, e¥hcauses the loss of information

as discussed in Chapter 3.
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Definition 1 (Vectorization): Let Y= (/,)JA P be a pxq matrix and
ViV ia-¥ T is  the i coumn of Y, then
VedY)=( ",y ',..y ',) isapqdimensional vector.

In [92], Zhang utilizes the matrix concatenatioregiion for the solution of a set
of matrix equations. According to the theorem psgzbby Zhang [92], for a given
matrix YTA ™ andY'TA ™™which is the pseudo-inverseYfandYTA ", the
matrix equation

YXY '=Y (Equation 6.7)
has a common solution if and onlyvispans(Y )"AY .

One of the sufficient conditions for the solutierthatY = F , in other words, the
matrix product is the basis space of the concagenatatrix. One of the most
important consequences of the theorem for the ipatézognition is that it states the
solution conditions for the regression equatiortsés Theorem can be applied for the

regression analysis. In the next section, the #raawill be applied to the meta-layer

feature space in the regression analysis for treyf&G architecture.

6.3 The Analysis of Concatenation Operator at Metdayer in Fuzzy
Stacked Generalization

In this section, the effect of concatenation openaat the output of base-layer
classifiers in fuzzy SG will be investigated by mratalgebra, geometric data
analysis and functional analysis. In Section 6.8h#, theorem, proposed by Zhang
will be applied to the fuzzy SG architecture. InctBEn 6.3.2, the geometric
interpretation of the concatenation in membersleigtars, at the output of base layer
classifiers will be analyzed. In Section 6.3.3, ttwncatenation operation will be
investigated in terms of the error function of thassification operation at the meta-

layer, in complement with Hypothesis 1, which isaduced in Chapter 4.

6.3.1 The Matrix Analysis of Meta-layer Concatenatin
The solution of the linear equations of the conuatied matrices, which is
introduced in Section 6.2, can be applied for th&sis of the matrices proposed by
concatenated membership vectors.
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Definition 2: Let, MTA ™ pe N by CK dimensional membership matrix,
where M(s)= 2(5’1) ..._nm) , such that, L’Qﬁ,k): mx,) .. ax%, ) »
/_7Q<iyk)TA "Care the class membership vectors ©f classes obtained from
k" classifier j ,, k=1,2,...K which is fed by k"descriptorG,, k=1,2,...K,
"i= 1,2,...N samples.

Definition 3: YTA "“*“is N by C dimensional class label matrix, where

Y($)=[Y(9..-Y(9-%(;§ .suchthat foiv,(s)TA ,c=12..C,andfor

each sample{s}N such that ,while 5 belongs to the c"class w,

i=1’

Y.(s) = LifsT w andY =[Y(9)]," i,]
e 0, otherwise =G0 LI

Theorem 1 (Existence Theorem): Given membership matrixM and label
matrix Y, there exists the solution matifor the regression equation,

MX =Y

Proof:

Let us define a feature vectitA ™", its pseudo-inversé'TA ™™ and the
matrix YTA *'. According to Zhang [92], the linear equati¥rXY ‘= Y would have
solution if and only ifCon(Ve¢ W)T R Cany ,')'AY ).

Recall that our aim is to investigate the solutmnM X =Y equation. For this
purpose, letM =Con( (Y ')" AY ), Y=Cor(Ve¢ Y) and X =Con(Ve¢ X)),

respectively. Then,

VedqY, XY )= (v '))'AY ;) Vet ¥ , (Equation 6.8)
(Y HTAY )Ved X Ve¢ Y : (Equation 6.9)
MX =Y . (Equation 6.10)

Since, the class label matriki Spaf/g_x), M1.x),..., f1%)}, there exists a

solution matrixX to the linear matrix equation,
MX =Y (Equation 6.11)

86



Lemma 1:

Given membership matritMiA ™, where M(s)= m(x,) ... mx,) and

h(x,) = max(m(x, )) with class label matrixyTA ™. According to the theorem
proposed by Zhang [92], the general solution ofrtiarix equationMX =Y s,
X =Inveg,, M'Y+( |,-MM) z : (Equation 6.12)

where, zZIA ™ arbitrary vector, andnveg, ,(3is a matrix XTA ™", such that,

Ved X) = x, I is mn dimensional identity matrix,

M =Con( (Y,'))" AY ,)andY = Cor(Ve¢ ) for YTA ™",
Definition 4:

Let's choose a group of feature vect@s={ x }, of the samples, ,with the

corresponding label seY, ={ y} %, , where the samples of the feature {s&t Y} %,

"
covers the whole set of samp®s s, =S, " 131 and{G, Y}, is classified by
1=1

at least one classifier correctl '£ K, for K classifiers. The classifier set which

can correctly classify the feature s@B, Y}, is defined by § JL with the
hypothesis function(G) and the error functiog =|h(G)- Y|.

Definition 5:
When the membership matrix from tkB classifier which classifies a group of

K

feature vectors, s, =S, " k3 1, correctly, is added, the meta-layer membership
k=1

matrix, solution matrix, meta-layer class label mxataind the error function is

defined by,M (k) , X(k), Y(k) and e(K) , respectively, such that,
(k) =[[M(K X(R- Y K (Equation 6.13)
Theorem 2 (Performance Increase Ratio) In a 2-layer Homogenous Stacked

Generalization architecture consisting of C-class®s K-classifiers, fed by distinct

K-descriptors, the performance of SG increases byhe t

ratiouv(k) = 1 ||e( k)”2 ;
2e("MM & R- | € W’

where MTA M is the meta layer
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membership matrix and(k)is the error function, when the membership matrix
obtained from thek™ supplementary and the mutual classifglis augmented to

meta layer feature space.
Proof:
Let's define the cost function of the equatighX =Y by,

I(X,Y)=[MX- (Equation 6.14)

In order to minimize the cost function, we may dh#te minima of the function
by,

N, I(X,Y)=2M|M X- ¥ , (Equation 6.15)

N,I(X,Y)=-2M X Y , (Equation 6.16)
and sinceX = M'Y, whereM' is the pseudo inverse &

N,J(X,Y)=0 : (Equation 6.17)

The positive gradient descent procedure resulis#0, however,Y increases as
k increases. Therefore, a negative descent procedopesed by Duda et. al. [13]
can be applied, such that,
1
2
Y(k+1) = X(KW+2u(Keé(R . (Equation 6.19)

Y(k+)=Y(R-u=N, 3N, J , (Equation 6.18)

where,u(k) is convergence rate aml(K)is the positive part of the error function

,such that,
& (K =§(e( R+ € ¥ (Equation 6.20)

Following equation (6.13§(K) is,

e(k)=(MM"'- 1)Y(K (Equation 6.21)
and

egk+)=gR+2u(MM"'- )& (R (Equation 6.22)

Then,

e(k+ D) =| & B +[2z(RMM - DE( B[+ 4 ¢ Ku( M - ) e }
(Equation 6.23)
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Sincee(k)"M =0, wheree(k)" is the transpose af(k) and,
(W u(HMM*- )€ (R=- u( B & Nf (Equation 6.24)
and sinceMM'= (MM ")'MM *,

[2z60MM*- D" (K] = u(R?] € (B[~ w( B &()M * & } (Equation 6.25)

Therefore,

%(Ile(k+1)||2-||e( RI*)= u(R@- u(R)| &C K+ u( ¥ o RMM * ¢ )

(Equation 6.26)
By taking the partial differentiation with respéctu(k),

ﬂ 1 2 2 ﬂ 2 + +
4 - & k )= KM
i) (el [k ) i) 1B B & K+ u( k¢ M 7€)
(Equation 6.27)
u(k) -1 © (k)H 5 (Equation 6.28)
2e (W' MM E(B- | &( i
Since (k) >0, ande’ (k= €K,

sl el

== 5 (Equation 6.29)
2e("MM & R- | €

6.3.2 The Geometric Analysis of Meta-layer Concatexion

The column space meta-layer feature maiiks) consists of the samples that

K
lie on a set of lines defined by the line equations{x,)=K. This is the
k=1

consequence of the structure of the membershiprgaivhich adds to 1 for each
classifier.

Therefore, the samples reside on the edges of tperipolygon in CK
dimensional Euclidean Space and have tendenciesdotiie vertices of the hyper-
polygon where the correct estimations of the diaissls take place.

In order to investigate the geometrical properiethe concatenation operator in
fuzzy SG, let’s consider an experiment based oitheyic datasets, consisting of 2

classes and 3 descriptors. In the base layer teapaces, the classes will be
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distributed by Gaussian distribution with the coamace T, , which is the covariance

matrix of the classes distributed i, and variance matricés,, k=1,2,3 ,

0 -1 1 0 -1 0 1 0
M, = , I = , M, = , T,= and
0 1 0 0.5 1 0 0 0.5
-1 -05 1 0
M, = Ty = , for the first, second and third descriptor,
1 05 0 0.5

respectively ( Figure 6.1).

Each class consists of 100 samples for each nestraining datasets, therefore,
training and test datasets consist of 200 samplegdch descriptor, respectively.
The k values for the fuzzy knn algorithms at the baserdand the meta-layer are
chosen as 10, for simplicity.

(@)

Figure 6.1: (a) Feature dataset in descriptol(ld), Feature dataset in descriptor
2, (c) Feature dataset in descriptor 3, consisting ofagses, where red samples
belong to the first class and blue samples belorye second class.
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Figure 6.1(Continued)

(b)

(©)
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The datasets are distributed with different origotes at each descriptor, since
they are distributed by different mean values. &hee, the samples that are
classified correctly would be relatively differeior each classifier. Meanwhiles ;.
values for two classes are same for the first aexbrsd descriptors, and it is
relatively different in the third descriptor. Consently, overlapping of the classes in
each descriptor is different.

The output space of the base layer classifiersision$ membership matrices

obtained from the classifiers{x OIA 22 fork=1,2,3i=1,2,...,200,such that,

M) =A%) 405 )] (Equation 6.30)

2
for 2 classes, by the constraint /m;(x, ) =1, which constructs the line equation.

c=1
The output space of each base layer classifierbeawisualized by plotting the

membership vectors of each classifiéx; ) (Figure 6.2)

(a-1) Test Set

Figure 6.2: (a)Membership space for Descriptor(tt) Membership space for
Descriptor 2(c) Membership space for Descriptor 3, with test aathing datasets.
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(a-1) Training Set

(a-2) Test Set

Figure 6.@ontinued)
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(a-2) Training Set

(a-3) Test Set

Figure 6.@ontinued)
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(a-3) Training Set

Figure 6.ZContinued)

As can be seen from the figures, the samples aedyninapped on a line for each
descriptor. In the input space at the meta-layre membership vectors are
concatenated. In order to visualize the concatentgature space, the vectors are
plotted in combination with 3 dimensions selectexht the concatenated meta-layer

feature vectoM (s ) =[m(x,)],c=1,2k=1,23 " i.

In some of the figures, the values of some samatesintroduced in order to
sense the structure of the data space (Figurd-igj3e 6.4. and Figure 6.5).

In Figure 6.3, it is observed that the samplesvarstly spread through the edges
and are accumulated around the vertices of the. ¢nl¥égure 6.4, similar separation
and the accumulation is observed for different dagace consisting of different
membership values, which are the membership valtiise samples relative to the
first class. Moreover, in Figure 6.4-c, 2D projeati of the samples over

m(x ) - (% 3 plane is visualized. In the figure, it is obsertkdt the samples are

accumulated through the corners of the plane, aimid the distribution in Figure
6.3.
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In Figure 6.5, the samples are distributed with tembership values for the
second class and scattered with similar arrangemeffigure 6.4, even if the basis

vectors that span the spaces are orthogonal.

(@)

(b)

Figure 6.3: (a)Concatenation of base layer membership vectoysyith
membership values of some samples. The concatedabensions are

m(% 1), M™% 1), HX ,)
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(@)

(b)

Figure 6.4: (a) Concatenation of base layer membership vectonstbee
dimensionsz(x ,), 71(x ,), Hx 5, (b) with data values of some samplés),the

projection onm(x ,)- n{x 5 plane.
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(€)
Figure 6.4(Continued)

(@)

Figure 6.5: (a)Concatenation of base layer membership vectorstheer
dimensionsn(x ,), (% ,), A% ), (b) with membership values of some samples
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(b)
Figure 6.5(Continued)

In the second type of the experiments, the conaéitemoperation is analyzed on
the Corel Dataset. The classification is implemeérie Rome and Buses datasets
using Color Structure (32 dimensional) and Edgetdgimm (80 dimensional)
descriptors, with 50 samples for each class. Thss@ication performances of the
base layer fuzzy k-nn classifiers implemented oa @vlor Structure and Edge

Histogram descriptors are introduced in (Table 6.1)

Table 6.1:Individual performances of the base-layer fuzzynkimplemented on
Color Structure and Edge Histogram descriptorpeaetively. The performance of

SG is 100%

Training Set Test Set
Color Structure 94% 94%
Edge Histogram 95% 85%

In the experiment, it is observed that SG increfiseslassification performance
by 6% relative to the individual classification fmrmances.
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The membership vectors at the output space of #se layer classifiers are
visualized in Figure 6.6 for (a) Color Structuraiming dataset (CS-tr), (b) Color
Structure test dataset (CS-te), (c) Edge Histograming dataset (EH-tr), (d) Edge

Histogram test dataset, (EH-te) respectively.

(@)

(b)

Figure 6.6: Visualization of the membership vectors obtainedfifuzzy k-nn
classifiers implemented on (@5-tr, (b) CS-te, (c) EH-tr, (d) EH-te
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(€)

(d)
Figure 6.Continued)

In Figure 6.6, the distribution of the sampleshat base layer output space with
the basis consisting of the membership valuessemied. By examining the sample

distributions in the figures, we can perceive tlassification performances in Table
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6.1. In Figure 6.6-a to Figure 6.6-c, the samplesveell separated through the end
points of the line and correspondingly, the clasation performances on these
spaces are relatively higher than in Figure 6.6dFigure 6.6-d, the samples are
scattered smoothly on the line, and the classifinatperformance of the
corresponding space is relatively low.

In the input space of the base layer, the memhenstttors are concatenated.

The proposed concatenated matrix is visualize&iguge 6.7).

(@)

Figure 6.7: Concatenation of the membership vectors with theedsions obtained
from the descriptor&) CS(Bus)-CS (Rome)- EH (Bus) for test data@stfor
training datasefc) CS(Bus)-CS (Rome)- EH(Rome) for test dataghtfor training
dataset(e) CS(Rome)- EH(Bus)- EH(Rome) for test datafgtor training dataset
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(b)

(©)
Figure 6.7 (Continued)
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(d)

(e)
Figure 6.7 (Continued)
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)
Figure 6.7 (Continued)

In Figure 6.7, we examine that the number of remhtpp which represent the
samples belonging to bus class, that reside oretlyes are more than the blue
points, which represent the Rome class. Therefoeepbserve that the samples from
the bus class are clustered better than the safnpfeghe Rome class.

In Figure 6.7-a and Figure 6.7-b it is observed tha red points are mostly
accumulated on the edge that is represented byénebership values obtained from
the classifier which is fed by Edge Histogram dggor and the samples are
relatively well separated compared to the othecespaHence, it is considered that
the samples are classified better in that spacerendamples from the bus class are
classified better via the feature vectors obtaiinech Edge Histogram.

Meanwhile, in Figure 6.7-f, it is observed that tsemples from Rome class
mostly reside on the edges represented by the nrehipg vectors obtained from
Color Structure descriptor indicating that they @escribed better by Color Structure
descriptor than Edge Histogram descriptor. Consatyyat can be considered that
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the bus class is described better by Edge Histogtasariptor and Rome class is
described better by Color Structure descriptor.

Furthermore, it is investigated that the samplegleson the planes and tends to
be separated linearly in all the subspaces of Eigur. These experiments provide a
strong clue for the effect of the concatenatiorthe® memberships vectors, for an
increased the linear separability.

In the third type of the experiments, syntheti@dats, consisting of 2 classes and

3 descriptors are constructed. In base layer feapace, the classes are distributed

: o : . . -5 0
by Gaussian distribution with the covariance andaveee matricesM, = 5 0o
5 5 0 -5 5 5 5 5 5 5
T, = , M, = , T, = and M, = , Ty = , for
55 0 5 55 00 55

the first, second and third descriptor, respecfiyElgure 6.8) . Each class consists of
250 samples for each test and training datasedgeftire, training and test datasets
consist of 500 samples for each descriptor, resadygt The k& values for the fuzzy

k -nn algorithms at the base layer and the meta-layechosen as 10, for simplicity.
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(@)

(b)

Figure 6.8: Artificial (a) feature training dataset in descripto(H), feature test
dataset in descriptor {g) feature training dataset in descripto(d, feature test
dataset in descriptor g&) feature training dataset in descripto(f3feature test
dataset in descriptor 3, consisting of 2 classégrevblue samples belong to the first
class and red samples belong to the second class.
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(€)

(d)
Figure 6.8Continued)
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(€)

(f)

Figure 6.§Continued)
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The samples are distributed with equdf in Figure 6.8-a,b and Figure 6.8-c,d

however, with differents ;2 in Figure 6.8-e,f. It is noticed that in all ofetfigures,
the samples are distributed with vertical, horiabnand diagonal symmetry,
respectively.

After the classification, at each base layer cfessi the following classification

performances are obtained,

Table 6.2:Fuzzy SG classification performances of the classif

Class 1 Class 2 Overall

Performance
Classifier 1 80.0% 82.8% 81.4%
Classifier 2 83.2% 84.0% 83.6%
Classifier 3 69.2% 69.6% 72.8%
Meta-Classifier 87.6% 90.8% 89.2%

In Table 6.2, it is observed that the classificao@rformance of meta-classifier
is approximately 9% better than that of the indistclassifiers. Therefore, we can
infer that different samples are classified by etiéht classifiers and provide
complementary information on the samples to thearokissifier.

In addition, meta classifier perform 10% better @ass 1 and 12% for Class 2,
in average. Therefore, it can be stated that thebeu of samples from class 2 which
are classified by different classifiers are moemntthe samples from class 1.

In the experiments, 497 samples are classified tbigast one classifier, 249
samples from the first class, and 248 samples fr@nsecond class. In addition, 247
samples are classified by both of the classifiers.

In Figure 6.9, the membership vectors obtained fe@woh classifier for the test
sets are visualized. The samples from the firstscéae represented by blue, from the

second class are represented by red. In Figure thé0samples from class 1 and

3 ~
class 2, which are correctly classified by at lease classifielS= §, are
k=1
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visualized and represented by black and greenectisply. The vertices where the

correct labels of the classes take place are reqptes by yellow markers.

(@)

(b)

Figure 6.9: Membership vectors obtained frq@) Classifier 1(b) Classifier 2(c)
Classifier 3
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(€)

Figure 6.9Continued)

In Figure 6.9-bthe samples are well separated through the endspairthe line
relative to the other sub-figures. Therefore, we& @@nclude that Classifier 2
performs better than the other classifiers. Howewbe samples are mostly
overlapped in Figure 6.9-c shows that classifiee¢hhas the worst classification
performance.

Furthermore, the red points, which represent tts¢ ¢lass, scatter through the
blue points, which represent the second class,lyn@ the other hand, the blue
points scatter up to the middle of the line. Consedly, the samples from the first
class causes a decrease in the classificationrpefwe more than the samples from
the second class, and also affect the classificatbility of the samples from the

second class. Hence, if the samples from thediasts can be separated from the
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samples of the second class in a higher dimensfeatlre space, the increase in the

classification performance of the samples fromstheond class would be higher.

(@)

(b)

Figure 6.10: Membership vectors obtained frdian) Classifier 1(b) Classifier 2(c)
Classifier 3, of the samples classified by at |east classifier
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(c)
Figure 6.1@Continued)

In Figure 6.11the concatenated membership vectors are visudlwheling the
samples which are classified by at least one ¢iassi

Since the first 2 classifiers perform with highdéassification performances, it is
observed that most of the samples are scatteredghrthe two dimensional plane
described by the predictions of Classifier 1 an@sSifier 2 in Figure 6.11-a.

Meanwhile, it is considered that the samples fr®accumulate towards the vertices
of the cube.

On the other hand, sincé2 < s andé2 < A% the samples are scattered through

different planes in Figure 6.11-b. While, the sasspfrom S scatter towards the

vertices and edges, and reside on the surfacdseofube, the remaining samples
reside on the diagonal surface of the cube, towtresedges at the inverse of the
edges which represent the actual class labelsréds®n of the diagonal distribution
is that most of the misclassified samples belonté¢ofirst class and are affected by
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the predictions of the third classifier, which merhs worse, that lies on the z-axis
and causes the diagonalization of the distributimough bottom-up directions.

In Figure 6.11-c and Figure 6.11-d, it is obsertlest most of the samples from

S accumulate towards the edges and scatter thrdwglfates smoothly. Since the
basis spaces in these figures are constructedebgnémbership vectors that contain
the membership values belonging to the second eadsthere are relatively less
samples which are classified by none of the clessifn the figures, we observe that

most of the misclassified samples belong to trst @ilass.

In Figure 6.11-f, the samples fro® are scattered on the diagonal plane of the
cube. Since the diagonalization is through the sbhagictors described by the
membership vectors obtained from the second clessife can state that the second
classifier form the topology of the distribution tfe samples by having the higher
classification performance.

In order to visualize the affect of concatenatidnttee feature vector in meta
layer, we take various combinations of classifiansl class memberships. For this
purpose, we design Figure 6.11, throughout the atenated membership vectors

with the axis (a) Classifier 1 - Class 1 Membershwp(x ,) ),Classifier 1 - Class 2
Membership (13(% ,)), Classifier 2 - Class 1 Membershipj(x ,)), (b) Classifier 1

- Class 1 Membership/g(x ,)), Classifier 2 - Class 2 Membershipn(X ,)),
Classifier 3 - Class 1 Membershigp(x ;) ), (c) Classifier 1 - Class 2 Membership
(m(x ) Classifier 2 - Class 2 Membershipn(x ,)), Classifier 3 - Class 2
Membership (13(X ;) ), (d) Classifier 1- Class 1 Membershigy(x ,) ), Classifier 2 -
Class 2 Membership/g(x ,)), Classifier 3 - Class 2 Membershig(x ;)), (e)
Classifier 1 - Class 1 Membershipr(x ,)), Classifier 2 - Class 1 Membership

(m(x ,)), Classifier 2 - Class 2 Membershipy(x ,)), are visualized.
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(@)

(b)
Figure 6.11:The relationship amon@) (/7(x 1) ), (m(% 1) ),(/mM(X ,)), (b)
(m(x.1)), (m(x,)), (m(%3)), (€) (m(% 1), (m(X ), (m(x5)), (d) (/m(x%,)),
(m(%,)), (m(%3)), (€) (m(x 1)), (m(x ), (m(X,)) are visualized.
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(c)

(d)

Figure 6.1XContinued)
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(e)
Figure 6.11Continued)

As can be observed from the experiments, the cenatibn operations over the
membership vectors sort the samples through thesedligthe polygons, in a linearly
separable space provided that a sample is corretdlysified by at least one
classifier. In the experiments, it is observed thatthe dimension of the samples
increase by expanding the feature space, the sartgpid to accumulate around the
solution points, which are vertices, of the polygjorTherefore, the tendency
increases as the dimension by complementary feapaees, and the performance
increases, relatively.

Note that concatenation of the memberships vedibithe output of the base
layer classifiers, transforms the feature spacesthef input of the individual
classifiers to a fixedCK dimensional vector space, where the samples wduieh

correctly classified by at least one classifies lom hyper-lines.

6.3.3 The Functional Analysis of Meta-layer Concat®tion
In Chapter 2, one of the fundamental problems ef plattern recognition is

discussed by the minimization of the error function
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error= |9 - yi"2 (Equation 6.31)
i=1

Where ¥, = h(x ) is the estimated label of the actual lalyelfor the sample; , ,

through the hypothesis functibn Additionally, the classification performance is

defined based on the hypothesis function usingtemué2.7).

In Section 6.3.1,Theorem 1states that the concatenation process provides
solutions for the linear discrimination equationnstvucted by the concatenated
matrixes and in section 6.3.Zheorem 1lis examined experimentally, on both
synthetic and Corel datasets. In other words, hiserved that the concatenation
process separate the feature space linearly uhderanditions defined byheorem
1.

Moreover, in Section 6.3.2, it is observed thatthees dimension of the feature
space increases during the concatenation protessamnples tend to approach to the
vertices where the actual labels of the sampledaeand decrease the error function
described in equation (6.13).

One of the conditions for increasing the perforneané SG is to expand the
feature space with additional column spaces thdtdecrease the margin to the
vertices and the lines where the samples lay, whrehdescribed in the previous
section. FollowingTheorem 1the second condition is that as the feature space
increases by the increasing the number of coluexysanding the column space), the
label space should also be expanded such thaalble¢ dpace will lay in the span of
the column space of the features.

The proposed conditions are consistent Wilpothesis 1, which state that, as
the column space is increased by the way that thegims to the edges where the
correctly classified samples lay decrease, thergéperformance of SG increases, in
other words, the classification performance onctbrecatenated feature space and the

error function decreases.

Lemma 2: If the set of feature vector§ is correctly classified by each

classifieri ., $k, mutually, thenG isG,. Therefore,l =k, g=i,, K=K and

a=&.
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Definition 6:

The transpose of the membership matrik(s)= m{x,)... 7x,) .

k=12,...K, i=12,..Nsamples, is defined by M", such that,

MT(s)= mh (X)) ... M%) -
Theorem 3 (Linear Separabilityy In a 2-layer Homogenous Stacked
Generalization architecture consisting of C-clasa®s K-classifiers, fed by distinct

K-descriptors; if 7(x; ) obtained from each classifigy, for the feature vectors;,
of samplessi G, , is merged to the concatenated membership mgaxe, then
the space becomes linearly separable.

Proof:

By consideringVl ", if mx) 2 0.5, and m(x ) = max(7x, )) the samples is
assigned tay, for c=1,2,...,Cclasses, and if its actual class labelsys than it is

correctly classified. Therefore, the correctly slfisation of the sample;, assures

that
mx;,) 2 0.5 (Equation 6.32)

K
Since nfx,)=K, concatenation of each membership vectorx;of
k=1
K
discriminates the space by the equation(x ,) = K, then,

k=1
K
mx) =K+0.5 , (Equation 6.33)
k=1
and
K
mx,)>K : (Equation 6.34)
k=1

So, X, is assigned ta, .
As a result, merging the concatenated membershgtoveof x;, linearly
separates the samplg in the concatenated space and, hence, the spéneady

separatetli,i=1,2,...N.
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Theorem 4 (Performance Relatior) In a 2-layer Homogenous Stacked
Generalization architecture consisting of C-clasa®s K-classifiers, fed by distinct

K-descriptors; if the classification is implemented a group of samplesi G,
then, Perf(SG 3 Perfg,), " k.
Proof:

Following equation (4.4)Perf(g,) s,
1 N
Perf(g,) :W d. (%) (Equation 6.35)
i=1

,.where X", ) = h(X;,) is the membership vector for test samglg by hc of g
and y',, = max(mx;, ))is the estimated class label value.

At the meta layerM '(k) ,which is the meta layer membership matrix for tzga
,consists of the estimated membership values'gby hyobtained frork classifiers,
such that,

Mi(K)= m(Xi,) X ,) ... K )

=h&')h&',)..h& )

,and the classification performance of the metara&jassifier is,

(Equation 6.36)

N
Perf (9, =% ad,  (Y(R) (Equation 6.37)

. Yi meta
i=1
where

V' meta = M (K) X(K)
= hQ(il,l)hQ(i',Z ) - h_(xé ) XK

is the estimated class label gf at the meta layer.

(Equation 6.38)

At the base classifiers, while the samples belangiy,, " c, are not correctly
classified/(x", ) are wrongly estimated and become relatively jdimn Perf(g;)

is low. However, followingTheorem 3 the concatenation operation linearly

separates the meta layer feature space. Therefaseobvious that,Perf(g,...)

which is the classficiation performance of SG, whisPerf(SQ, is higher than

Perf(g,) .
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Theorem 5 (Error Bound): In a 2-layer Homogenous Stacked Generalization

architecture consisting of C-classes and K-clamsififed by distinct K-descriptors,
Perf(SQ increases a€K ® N for the meta-layer feature matrTA ™ | and
e(k) reaches to the its optimum error bougg,,, provided thatM consists of the
membership vectors obtained from supplementargitiessg, .

Proof:

Let's define the hypothesis function for thé classifier of the feature vector
X 1A from the feature setS ={x, W%, by h(x,), h(x )T H, for K
classifiers, which is bounded Wy<h(x,)<1, and for some error functioe>0,
we may state that,

Ihx,)- v e (Equation 6.39)
where y; is the actual class label of the feature vextor

The classifierg, with the hypothesis functioh(G,) satisfies,

Ih(G)- Y|< e , " e30 (Equation 6.40)

Meanwhile, followingTheorem 2 since K >0and M(k)M (k)'is positive semi-
definite, |e( k)||2 >| € k+1)||2, while 0<u(t) <1. Therefore, the error function of the
meta-layer classife( k) is monotonically decreasing, and converges to domniéng

value e . 3 0, such that,

meta
HM'(k)X(k)— Y( k)H: ¢h® e, (Equation 6.41)
where, M '(k) is the membership matrix for test data.
As the number of classifierg, andkincreasesk ® K and the dimension of the

meta-layer feature matridl increases such that,
Ck® CK (Equation 6.42)
WhenN=CK, which is an upper bound f@K, the matrixM becomes a square
matrix by implying the uniqueness and existenc¢hef solution matrixX [93] and
gk ® e...

On the other hand, ifCK3 N , the system becomes overdetermined, and

perturbs the robustness and the integrity of taeufe space.
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In Theorem 6the boundary condition for the performance ofiS&ated.

Theorem 6 (Performance Condition): In a 2-layer Homogenous Stacked
Generalization architecture consisting of C-class®s K-classifiers, fed by distinct
K-descriptors; thePerf(SQis bounded by the percentage of correctly claskifie
samples by at least one classifier, provided thaihihg and test sets are both
statistically stable and consistent.

Proof:

Let’'s consider two sets of samples belonging to $ets of feature vectorsgi G,

which is the set of feature vectors which are di@ssby at least one classifier, and
s,.] MC, which is the set of feature vectors which canbwtlassified by at least

one classifier, such thakC = S- G.
The previous theorems state that, as the membek&ufors of the samples

s, G are augmented to the meta-layer feature spacesphee becomes linearly

separable. However, the membership vectors, pfdamages the linear separability

and the samples become inseparable at the fegiaoe @nd can not be correctly
classified by the meta-layer linear classifier.

Therefore, for a finite set of classifier®erf(SQ is limited by|G |, in other
words, limited by the percentage of the samplesdha be correctly classified by at
least one classifier.

Following the theorems, we can conclude that, fer present architecture, the
concatenation operation provides a linearly separapace as the membership
vectors belonging to the samples that are cladsifig at least one classifier are

concatenated.

6.4 A new Algorithm for Stacked Generalization: Mea-Fuzzified
Yield Values

In this section, following the conclusions and tteorems proposed in the
previous sections, we will introduce a meta-laylssification algorithm, which is
called Meta-layer Fuzzified Yield Values (Meta-FYMWyith a feature space
composition-decomposition method.

In Theorem 1we have stated that while the label space offehatures at the
meta-layer spans the column space of the featties, a solution for the linear
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equationM X =Y can be obtained. In other words, while the ma¥fizonsists of the
elements that are basis of the feature mattixthen a linear discriminate classifier
can be used for the meta-layer classification.

Applying Theorem 1 for the classification of two layer fuzzy SG atelture

consisting oK fuzzy k-nn base layer classifiers a@alasses, and defining the class
membership values for training and testing sdeafures ,S' andS, ', respectively,
obtained from eack classifier,{ /_7(Q<”iyk)} K, and{ mMX, )} k= respectively. Then we
can define the pta-layer training membership matrix consistingnefmbership vectors of

training dataset, such thabd" =[7x";,) ... mX', )] and meta-layer test membership

matrix consisting of membership vectors of test adat, such that,
M‘e:[/_rQ(‘iyl)..._nQ)_qK ). Then we state the Meta-FYV-1 and Meta-FYV-2

algorithms.
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Algorithm 6. 1: Meta-FYV-1 algorithm

1. for k=1,2,...,K

2 Calculaten{x",,) and 77(x',)

3. end

4 Concatenate(x",, ), such that, M" =[mx",,) ... mX'; )]

Concatenatgy (X', ), such that, M =[x )) . . . X}, )]

for k=1,2,...,K
for c=1,2,...,C

Define the label vector of the training sampleshsthat,

© N o O

while X", belongs to they,

. 1,if X" T w
Yc(lg i) = - )
0, otherwise

9. end
10. Concatenate the label vector for the meta —lagbell matrix,

such that,
Y= YK - Y)Y ()

11.end

12.  Concatenate Y(x,), such that,Y" = Y(X;,)) ... Y(X, ),
k=1,2,...,K

13. Solve the equatioM" X" =Y" by X" = pinyM")Y", where
pinv(M")is the pseudo-inverse of"

14. CalculateY®by, Y®*=M"®X",

15. DecomposeY* = Y(X,)...Y(X,) by separating into th
column vectorsy (X, ), k=1,2,...,K

16.  Apply majority voting over the vectorg( X', ), that is, calculat

the maximum values of the each sample over space, such tha

if w=max{ (x{, )), X, belongs to they class.

D
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In Meta-FYV-1 algorithm (Algorithm 6.1), firstly,ne membership vectors are
obtained from the base layer classifiers, for ldming and test datasets. Then, the
membership vectors are concatenated in order tstiwant the meta-layer feature
matrix M"and M,

Then, the class labels are represented as thevbag®s in consistent with the
base-layer membership vectors by applying a nevwesentation algorithm (Step 8).
In the representation, the samples are coded WitBbolean values relative to the
classes which they belong to. In the composed latalixY" , the row vectors
represent the samples and the column vectors esgrd®e classes. In the next step,
the label vector that span the membership spaeadhi classifier is concatenated in
correspondence with meta-layer feature space iaeraocdcompletely span the meta-
layer feature space.

After constructing the membership and the labekixeg, M" X" = Y" is solved.
The solution matrixX" which is obtained from the training data is, thapplied to
the membership matrix of the test data. The remulibel matrixY*is decomposed
to its column vectors. It should be noticed thdte tcolumn vectors may be
considered as the predictions of different classsfin the decomposed label matrix.
Therefore, majority voting is applied on each vedtoorder to obtain class label of
each sample.

In Algorithm 6.2, the concatenation of the labeltrixais not applied since the
label matrix corresponding to different classifiesse equal and sufficient to
represent the basis vectors that span the spabe ofieta-layer feature matri,”,
which is the concatenated membership matrix, @gffefrom Algorithm 6.2.
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Algorithm 6. 2: Meta-FYV-2 Algorithm

1. for k=1,2,...,K

2 Calculate /7(x";,) and 7{x";, )

3. end

4 Concatenat@{x",, ) , such that, M" =[n¢x",,) ... /X", )]

Concatenat@(x’,, ), such that, M =[{x" )) . .. 7], )]

for c=1,2,...,C

5
6. for k=1,2,...,K
7
8 Define the label vector of the training sampleshsthat,

while X";, belongs to thex

H tr 7
Lif x5, 1w

Yc()eri )=
- 0, otherwise

9. end

10. Concatenate the label vector for the meta —laye lanatrix, such that,
Y(X')= YK - Y ) - ¥ (%)

11.end

12.  AssignY(X',) toY', such thaty" = Y(X,,),
sinceY(X',,)=Y(X,;), foranyk? j

13.  Solve the equatioM" X" = Y" by X" = pinM") Y",
where piny(M")is the pseudo-inverse of"

14. CalculateY®by, Y¢=M"*X".

15.  Apply majority voting over the vector§ x', ), that is calculate th

maximum values of the each sample over row-ssaaH that,

if u=max({ (x{, )), x', belongs to they class
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In Table 6.3, Table 6.4 and Table 6.5, the exparimémplemented on 4 to 8
descriptor with different set of classes are intt. The performances of Fuzzy SG
algorithms, Meta-FYV-1 algorithm, Meta-FYV-2 algtnm and the performance
gain of Meta-FYV-2 over Fuzzy SG are provided ia thbles.

In the first set of the experiments, New Guineaad®e Rome, Bus, Dinosaurs,
Elephant, Roses, Horses, Mountain, and Dining etasse classified using the
feature sets obtained by 4 (Color Structure , Co&yout, Edge Histogram, Region-
based Shape), 5 (Color Structure , Color LayouigeEHistogram, Region-based
Shape, Haar) , 6 (Color Structure , Color Layoudgd Histogram, Region-based
Shape, Haar, Dominant Color) , 7 (Color Structu@olor Layout, Edge Histogram,
Region-based Shape, Haar, Dominant Color, Scaadler), and 8 (Color Structure
, Color Layout, Edge Histogram, Region-based Shaimar, Dominant Color,
Scalable Color, Homogenous Texture) of the MPE@stdptors (Table 6.3) .

In the second set of the experiments, 5 more dagsgumn, Bhutan, California
Sea, Canada Sea, and Canada West classes ard@tiuedata set. In that case, the
performances of 5-8 descriptor experiments areigeavin the (Table 6.4)

In the third set of the experiments, 5 more clgsSé@a, Croatia, Death Valley,
Dogs and England are added to the present claBabke (6.5).

Table 6.3:Performances of 10-Class Experiments

Performance
10-Class Gain
Experi ¢ Fuzzy SG | Meta-FYV-1 | Meta-FYV-2 (Fuzzy SG
periments and
Meta-FYV?2)
4 Descriptor 85.6% 804% 88.0% 2.4%
5 Descriptor 86.8 ¥ 81.2% 88.6% 1.8%
6 Descriptor 85.6% 80.4% 87.4% 1.8%
7 Descriptor 85.8% 80.£% 88.2 ¥ 2.4%
8 Deccriptors 86.4% 81.6% 89.0.% 2.6%

In 10 class experiments, Meta-FYV-1 performed wotban Fuzzy SG
algorithm, however, Meta-FYV-2 perform better thidwe Fuzzy SG algorithm. In
addition Meta-FYV-2 algorithm provided 2.2% perf@ante gain over Fuzzy SG, in
average. It is also observed that as the numbdesgriptors (classifiers) increases,

the classification performance and the relativégoarance gain increase.
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Table 6.4:Performances of 15-Class Experiments

Performance
15-Class Gain

. Fuzzy SG| Meta-FYV-1 | Meta-FYV-2 (Fuzzy SG
Experiments and

Meta-FYV2)
5 Descriptor 65.3% 66.4% 69.5% 4.2%
6 Descriptor 62.3 % 65.6% 68.3% 6.0%
7 Descriptor 62.8% 65.7% 68.5% 5.7%
8 Descriptor 64.5% 66.3% 69.1% 4.7%

In 15-Class experiments, both algorithms perforrhetter than Fuzzy SG. In
addition, the relative performance gain of Meta-FX\bver Fuzzy-SG is increased

by 5.5%. The better performance gain is obtaineohfé-Descriptor experiments.

Table 6.5: Performances of 20-Class Experiments

Performance
20-Class Gain

: Fuzzy SG | Meta-FYV-1 | Meta-FYV-2 (Fuzzy SG
Experiments and

Meta-FYV2)
4 Descriptor 52.4% 54.8% 57.5% 5.1%
5 Descriptor 50.7% 54.1% 56.2% 5.5%
6 Descriptor 49.9% 53.8% 558.% 5.9%
7 Descriptor 50.9% 54.4% 56.(% 5.1%
8 Descriptor 52.9% 54.4% 56.5% 3.6%

In 20-Class experiments, Meta-FYV-2 performed betian Fuzzy SG with 5%
performance gain. The performance of 5-Descripkpedament increases while the
others decrease, concluding that the additionaisel are not well described by
Dominant Color, Scalable Color and Homogenous Trextlescriptors. In addition,
the Meta-FYV-1 provided 3% performance gain ovezzZyuSG.

In addition, the algorithms are tested over rangosdlected 50 classes from
Corel dataset with 8 descriptors which are intreduabove. Fuzzy SG provided
47.0% classification performance while Meta-FYV4byded 51.2% performance

and Meta-FYV-2 provided 52.2% performance.
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One of the reasons of the differences between é¢n®rmmance gains of Meta-
FYV-1 and Meta-FYV-2 is that the additional concateon operation of the label
matrix in Meta-FYV-1 requires additional majorityoting operation, and the
majority voting could not succeed at the predictidhe class labels.

Another reason of the performance difference ig th® the dimension of
Y" increases, the dimension of the solution ma¥ik and Y*increases. Therefore,
the majority voting for the matrix decompositioncbemes an inadequate and
insufficient method for high dimensional matrix dewposition.

The reason of the failure of Fuzzy SG is that thecatenation operations on the
membership vectors construct a relatively lineadyparable feature space at meta-
layer input spaceTheorem 3 Therefore, linear classifiers perform bettemtliae
non-parametric classifier, fuzzy k-nn. In additiofheorem 4introduced in the
promises a solution for the constructed linear &qoavia corresponding
composition-decomposition technique.

Meanwhile, there exists a classification perfornealnmit that can be achieved in
Stacked Generalization algorithm introduced biifeorem 5and Theorem 6.
Therefore, the limit should be analyzed over theeblayer classifiers and should be
considered in the design of the architecture.

It should be noticed that as the number of santpl#iscan be correctly classified
by at least one classifier increases, in other sjoathd as the number of classifiers
that can correctly classify the samples providedths descriptors increases, the
performance of SG increases. In that case, the ndilmes of the concatenated
membership vectoM" and the label vector" increase. It should be remarked that,
in order to recover the under-determination oflthear equation, the solution matrix
should have the dimension as the number of samplash require that the

dimension ofY" should be the number of samples. Therefore, aslithension of

Y'" goes to the number of samples, that iCK® N, the performance reaches to

its limit.
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6.5 Discussion

In the present chapter, we investigate the conatitanoperation in classification
problems, which is alack boxtechnique for feature space fusion of pattern
recognition.

In Section 6.2, the concatenation problem for tategpn recognition is analyzed.
In Section 6.3, the concatenation operation is yaeal from three perspectives;
linear system analysis, geometrical analysis, andtfonal analysis.

In the analysis of the concatenation by linearesyst the theorem which states
the existence of the solutions for the concaten&@dlure spaces, is introduced,
namely, Theorem 1Following Theorem 1the ratio of error decrease at the meta-
layer feature space is statedThyeorem 2.

In the geometrical analysis of the concatenatio®,structures of the spaces and
the transformations between the spaces are viedaéindTheorem 1is verified by
the experiments implemented on synthetic and doralv datasets.

In the functional analysis, the concatenation igestigated in terms of error
functions and hypothesis functions by introduciffgeorem 3which states that the
space of the concatenated membership vectors aarlin separable. Theorem 4
states the performance relations between base tdgssifiers and the meta-layer
classifier by proving the hypothesis proposed iraar 4. Theorem 5states the
performance limit of SG andheorem 6states the conditions in order to obtain
higher performances in two layer fuzzy SG architess.

In Section 6.4, the analysis and the theorems ppliea to the classification
problems in two-layer fuzzy SG architecture andeav rclassification algorithm,

which is Meta-FYV, is introduced with its two  vatians.
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CHAPTER 7

EPILOGUE

“The computers are useless, they can only give arssw

Pablo Picasso

7.1 Observations and Interpretations

This study investigates the conditions of tlemeayal improvements for the
performances of SG classifiers by analyzing theabieh of the individual classifiers
to learn the data. For this purpose, a great wadgeexperiments are performed on
both real and synthetically generated data setise @xperiments are restricted to
control the critical parameters of the SG architegtwhich directly and significantly
affect the overall performance.

In the first group of experiment, the syntheticadistgenerated in such a way that
the samples can be labeled by at least one clssdirectly, at the base layer. It is
observed that if one assures this condition, thssification performance of SG is
significantly higher than that of the individual askifier performances. This
observation shows that the performance of the $@itacture depends on the share
of detection of the samples rather than the perdioce of individual classifiers. It is
well known that high individual classification perfmances are practically not
possible to achieve, especially, when the classheusnare high. However, SG

allows us to reach a substantially high performaeeen if the performances of the
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individual classifiers are rather low. This highrfoemance is attributed to the
following factors

i) The ability of SG to share the correct-labglof the  samples among
the classifiers at the base layer.

i) The ability of meta-layer classifier to leatmee  mistakes of the base layer
classifiers.

In the next sets of the synthetic data experiméhésresults show that there is a

nonlinear sigmoid relationship between the perforoes of the base layer classifiers
and that of the overall performance of SG. The ipatars of the sigmoid functiok,
[, mandn depend on the properties of training data and tedd explored further.
Since the observations can only be made in thericest experiments, the
generalization of the sigmoid function is highlyffidult. Furthermore, the
nonlinearity of SG architecture complicates thebpgm of estimating the above
mentioned parameters.

Another problem in SG is the complexity of the coliéd data set construction.
As the dimension of the data sets increases, teenative values of mean value
vectors and covariance matrices increase, the @deagfréreedom in the Euclidean
space increases, resulting a decrease in the defgceatrol in the experimentation.

In the second part of the experiments, the reldtetween the behavior of the
training data at the base layer classifiers and pghdormance of the SG is
investigated. In order to obtain a meta-layer ingata set, which consists of the
well-separated samples, the samples in the traisgghat could not be correctly
labeled by at least one individual classifier dnmi@ated from the feature space.

It is observed that, as the number of classifiekgeiase, the number of the
samples to be eliminated decreases. As we add classifiers at the base layer, the
space become more and more linearly separablee Ihave sufficient number of
classifiers, it is observed that at least one inldial classifier can label a sample
correctly in the base layer and the clustered sasnmn preserve the topology in the
meta-layer input space by concatenation, in sonteraHowever, the preservation
is not perfect since still some lacks of performaiscobserved. The characteristics of
the mapping that will perform with the perfect mastion is still an open and
unsolved problem, which is one of the black arbpgms.
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In the experiments, construction of meta-layer tngpace by eliminating
misclassified samples from the base layer outpatepimproves the classification
performance of SG. However, one may employ differeathods to deal with the
violation of hypothesis 1 and 2. For example, ongy monstruct the base layer
classifiers in such a way so that the Hypothesis datisfied as much as possible.
Therefore, Hypothesis 1 provides a sufficient cbadifor the improvement of the
overall performance of SG. Implementation to asshi® condition is yet a separate
issue.

7.2 Imminent Route: Dialogue

In the present work, the analyses of the strucame: behavior of the two layer
fuzzy SG architecture have been established. Thdtref the analyses reveals new
conjunctures and the conjectures of the architediave been introduced.

During the theoretical investigations of SG struefuwe have noticed the
relations between the base layer feature spaceéhandassification performance of
the architecture and, also, between the perfornsaoftcthe individual classifiers and
that of the general SG architecture. We formulaésée relationships as tvatack art
problems of SG.

The proposed complementary hypotheses state rigoeoplanations on the
architecture as the milestones on the pathway ef development and the
consideration of new Stacked Generalization archites. In the feature work, the
hypothesis will be enforced with the supplementanyothesis in order to construct a
theoretical framework for Stacked Generalizatiarhdecture.

Another conjecture acquired from the theoretical #re experimental studies is
the sigmoid function that represents the relatignsletween the base layer feature
space and the performance of the architectureoAgh its controllable parameters,
in other words, the degree of freedom, is high stindies that may provide a solution
to the sigmoid equation would provide very impemtand essential information on
the architecture. In addition, the equation wouldspnt a new sight on the feature
selection paradigm, which is anothmack artof pattern recognition.

In this study, thdlack artproblems of SG are extended beyond the definitidns
Wolpert, Witten and Tang. In that perspective, raallenging conjunctures of SG
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are introduced to the pattern recognition commuthié¢ may lead to new approaches
in order to consider and develop the ensembleileguand data fusion architectures.

On the other perspective, the work on the fututbyay would be accomplished
under the new learning paradigm where learning maformulated as uniting two
available information to create “new” informatiofhat is why we symbolized the
concept of learning by “love”, saying “learning Isve”. Extending this paradigm
through the available tools that are provided by dither fields of science to the
general argument of the Universe, not only theepattecognition paradigms but
also most of the, may be all of the, new born “babbf computer science, would be
stated in more robust platforms. Additionally, thisuld enable computer science to
be considered as the big brother of mathematicachwis reflection and the
production of human brain, with an additional powehich is the ability of the
unlimited creativity and implementation process.

Moreover, the development will be two-fold, in atlveords, the development of
the ideas and the paradigms of computer scienceldvemable the development of
the corresponding models in the other fields, saglhe developments of Quantum
Information Theory and Quantum Computation Theory.

The only concern and the conjuncture of that imggion is that it is based on
the meaning of the process, not on the result. éfber, the work that will be
realized should take care of that considerationndJ¢he tools of science obtained
from other grandparents and the parents without aaralyses of the process, but
focusing on the results, with the natural instintist take the ego under control to
achieve the results, would be nothing but the waktine.

In conclusion, following the light of Athena, theemwould focus on the process
without the concern of accomplishing the results] avould place near Athena at
Artemis. TheArtist enlighten that in order to satisfy the desireshef instincts, one
should leave out the instincts for a while and fdet delight of information
acquisition and creativity, which leve, and the ego and the idea would be satisfied
with the delight.
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