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IMPROVING THE PERFORMANCE OF SELF-ORGANIZING MAP

SUMMARY

Clustering data with self organizing maps is a widely used method. In this thesis,
self-organizing map and learning vector quantization methods are considered for
solving clustering problems. Firstly, self organizing map is modified to use class
information like learning vector quantization method. Also, inspired by the hybrid
methods proposed recently which combine reinforcement learning with self
organizing map, a novel approach is proposed where a simple reinforcement learning
algorithm is used both in self organizing map and self organizing map with class
information. Self organizing map and all the proposed approaches are realized in
MATLAB and applied to clustering set of two-dimensional points and Iris data set.
The discussion on the simulation results are based on the results obtained for
training and test sets and ideas are given to improve these results.

The main purpose of this thesis is to propose a new learning method and explain how
to implement the new method, so the problems choosen to be easily manufactured
and widely used for educational purposes. So clustering points on a two-dimensional
surface and Iris data set are choosen as benchmark problems and in order to have
statistically significant conclusion, the evaluation measures are used as sensitivity,
specificity, accuracy, precision and similarity.

At the end S-SOM structure gives the best result amongst the three methods that
have been suggested. However, due to the reward mechanism of RL-SOM structure,
which chooses the winner based on the criteria of choosing the best fit makes it
possible to distinguish similar data in different classes. Even though, the proposed
methods provided some improvement in the data set of 2-dimensional points, the
results for Iris data set were not satisfactory as expected. Using in a way more
knowledge in tarining would help to imrove the performance of already exisiting
methos. One way is have different reinforcement learning methods implemented in
conventional methods.
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OZ-DUZENLEMELI AG YAPISININ PERFORMANS i YILESTIiRILMESI

OZET

Obekleme problemleri, verilerin benzerligne dayanmaktadir bu problemlerin
analizinde bu benzerlik veya mesafe hesaplamak zorunludur. Bu yuzdenveri ¢ok
biylk ve ya dagmik bir sekilde ise bu verilerin diizenlenmi oldukca zordur ve asil
sorun hesaplamalarin ¢ok uzun zaman almasidir. Bu c¢alismadz-diizenlemeli ag
yapisinin bu sorununu ¢ozmek igin dnerilerde bulunmustur. ilk olarak6z-diizenlemeli
ag ile vektor kuantalama yapilar birlikte ele alinmistir ve 6zdiizenlemeli ag
yapisinda, vektor kuantalama yapisinda oldugu gibi siif bilgisi kullanilmistir.
Ayrica, son senelerde pekistirmeli 6grenme ile birlikte 6z-diizenlemeli yapilarin ele
alindig1 hibrit yaklagimlardan esinlenilmistir ve 6zdiizenlemeli ag ve smnif bilgisinin
kullanildig1 6zdiizenlemeli agin egitimi basit bir pekistirmeli 6grenme yaklasimi ile
uyarlanarak yeni bir yaklasim onerilmistir. Oz-diizenlemeli ag yapis1 ve Onerilen
yaklasgimlar MATLAB ortaminda gergeklenmis ve basit bir nokta siniflama
problemine ve Iris cicekleri veri kiimesine uygulanmistir. Elde edilen benzetim
sonuclar1 egitim ve test kiimelerindeki basarimlari ele alinarak irdelenmistir ve
Onerilen yontemlerin gelistirilmesi igin Onerilerde bulunulmustur. Bu ¢aligmadaki
asil amac¢ yeni bir O0grenme yontemi Onerip nasil uygulanacagimi aciklamak
oldugundan yontemin sinandigi problem kolaylikla iiretilebilen ve egitim amagh
cokca kullanilan iki boyutlu noktalarin 6beklenme problemi ve cokca kullanilan
sinama problemi olan Iris veri kiimesi olarak segilmistir.

Vektér Kuantalamadgrenme yapisi (Learning Vector Quantization-(LVQ)), SOM
yapist gibi verilerin Obeklenmesinde yaygin kullanilan bir yontemdir. Bu
yontemlerin her ikiside T.Kohonen tarafindan onerilmistir [1]. Kohonen yapisinin
diger 6bekleme yapilarina gore en onemli farki, sadece kazanan hiicre degil, ayni
zamanda komsu hiicrelerinde sadece giris verileri temsil edecek sekilde
gilincellestirilmesi olmasidir. Vektdr Kuantalama yapisinda komsuluktanimli degildir
ve bu nedenle yapi, kiimeleme siirecinde sinif bilgileri kullandig1 i¢inbir denetimli
ogrenme olarak kabul edilir [1,2]. SOM yapinin yaygin kullanimma ragmen, iki
dezavantaji vardir : yakin verileri bir birindan ayirt edememe ve yavas yakinsama
ozelligi.

Bu tezde, asil amag¢ Ozellikle bu iki dezavantaji g6z Onlne alarak SOM yapisini
gelistirmekdir. Yani, oncelikle SOM yapisinda sinif bilgisi kulanilir daha sonra basit
bir pekistirmeli-6grenmekurali ile SOM yapida Ogrenme kurali degistirilecektir.
SOM vyapis1 gibi Pekistirmeli Ogrenme yaklasimi da egiticisiz dgrenme yaklagimidir
ve yapmin Ogrenmesi aracinin davraniglarinin  ortamda  degerlendirilip
odiilendirilmesine dayanmaktadir.

XiX



Boylece yeni 6grenme kurali hem SOM ve hem smif bilgileri ile SOM i¢in
Onerilmistir ve bu onerilen kurallar MATLAB programinda iki 6bekleme problemi
icin uygulanmaktadir. Bu tezin temel amaci yeni 6grenme yontemleri 6nermek ve bu
yontemlerin nasil uygulanicagni agiklamaktir.

Onerilen yontemler net bir anlayis vermek icin, dikkate alan problemler kolayca elde
edile bilirve egitim amagl kullanilabilir problemlerdir. Bu yizden ilk olarak iki
boyutlu bir uzayda farkli ortalama degerler ve standart sapma ile olan random
noktalar i¢in uygulanmistir, istatistiksel olarak anlamli bir sonug¢ elde etmek igin,
ilgili m-dosyalar: rastgele her deneme i¢in 30 deneme olarak farkli egitim setlerin
performans élcltlere gore degrlendirilip daha sonra ikinci bir problem olarak Iris veri
kumesi i¢in uygulanilmistitr ve yine ayni lgiitleregdre degrlendirilistir.

Bu tez kapsaminda yapilan c¢alisma, SOM yapisim gergekleyip, komsuluk
bilgisinden faydalanarak Obekleme problemini ¢dzmek, pekistirmeli Ogrenme
yapisinin en azindan 0diill mekanizmasini kullanarak, elde edilen SOM yapisina
iligkin yeni bir 6grenme yaklasimi 6nermeyi kapsamaktadir. SOM diger yontemler
arasinda 0bekleme problemini icin kullanildiginin sebebi komsuluk avantajidir. SOM
yapisinin genel performansini arttirirken komsulukdan yararlanmak igin yapi ayni
tutulmas1 gerekiyor. Bu uygulamada ilk olarakVektér Kuantalama 6grenme kurali
olarak diisliniildi. Bu nedenle, kiimeler sinif bilgisi kullanilarak olusturulur. Daha
sonra, pekistirmeli 6grenme ile 0z-diizenlemeli ag yapilari birlestirerek, 6diil etkisi
egitim sirasinda géz oniine olindu.

Onerilen egitim algoritmalart SOM ve &nerilen ii¢ farkli yapilarin etkinligini test
etmek igin MATLAB ortaminda uygulanmaktadir. Ornek olarak genellikle iki farkls
problem diisuniilmiistiir ve sonug olarak genel bir tartisma gerceklestirip ve bu
sorunlar i¢in simiilasyon sonuglari her bir boliimde verilmistir. Kimeleri, giris
verileri daha iyi temsil etmesi icinkiimelerin olusumundan sonra, 100 adimlar {izerine
kadar egitim asamasi devam edilir.Bu islemle veri gruplamada kazanan ndronun
ortalama mesafelerde binde biri fark saglanir.

Yakin zamanda onerilen kimi ¢alismalarda pekistirmeli 6grenme ile 6zdiizenlemeli
yapilar bir arada kullanilmaktadir. Bunlardan bazilar1 onerilen egitim kuralinda,
SOM yapis1 pekistirmeli 6grenmede yeri olan araci i¢in ilk egitim verilerini az
sayidaki egitim kiimesinden olusturmakta kullanilmistir. Boylece egitim siirecinin
hizlanmas1 saglanmigtir. Diyer Onerilen metod da ise kamera gorintulerinden
olusmus egitim kiimesi verilerinin siniflanmasi SOM ve pekistirmeli 6grenme igige
kullanilarak saglanmistir. [6] ise sinirbilim ile iliskili olarak primatlarin gérme
sistemini SOM yapisin1 bazi1 ampirik kurallar ile pekistirmeli 6grenme ¢ergevesinde
uyarlayarak modellemeyi amaglamaktadir.
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Sonucu olarak bu yontemleri uyguladiktan sonra Iris veri seti icin yontemleri
arasinda ¢ok fark yok iken belirlenen 2 boyutlu nokta verileri i¢in daha hizli
yakinsama olmustur. Onerilen yontemler arasinda random noktalar i¢in S-SOM en
Iyi sonug veren yadidir. Ancak 6diil mekanizmasi daha iyi kurgulandiginda RL-SOM
yapisininda birbirine ¢cok benzer verileri farkli 6beklere yerlestirebilme yeteneginden
faydalana bilmenin miimkiin olabilecegi goriilmektedir. Yontemlerin kararlt
davrandigr tamamen farkli veriler ile aymi verilerin kullanildigi durumlarda
sonuglarin ¢ok degismemesinden sonuglarda izlenebilir. Noron sayisinin artmasi
sonuglar1 belli bir degere kadar olumlu etkilerken 10 noéron i¢in elde edilen sonuglar
her zaman diger sonuglardan daha iyi olmamistir. Dolayisiyla ndron sayisinin ¢ok
fazla artmasi sonugler1 herzaman olumlu etkilememektedir.

XXi
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1. INTRODUCTION

Both Self-Organizing Map (SOM) and Learning Vector Quantization (LVQ), used
especially in reducing the size of data clustering widely, are proposed by T.Kohonen
[1]. The most important difference of SOM structure compared to other clustering
structures is that not only the winner cell, but also the neighboring cells in one or
two-dimensional predefinedlattice are updated in a way to represent the input data. In
the LVQ structure neighborhood is not identified and because of using class
information in the process of clustering this structure is often treated as a structure
that includes supervised learning [1,2]. Despite the widespread use of the SOM
structure, it has two drawbacks: the inability to distinguish between the affinity data
and slow convergence feature. In this thesis, especially these two drawbacks are
considered and the aim is to improve these aspects of SOM. So, primarily class
information will be used in SOM structure and then with a simple reinforcement-
learning rule, learning rule for SOM will be amended. New learning rules are
proposed for both SOM and SOM with class information and these proposed rules
areimplemented in MATLAB softwareand these are applied to two clustering
problems. The main purpose of this thesis is to propose new learning methods and
explain how to implement thesenew methods. In order to give a clear understanding
of the proposed methods, the problems considered are theones that can be easily
obtained and used for educational purposes [2]. So, clustering set of points with
different mean values and standard deviations in a two-dimensional space is

considered first, then clustering the Iris data is considered as a second problem [2].

The scope of this thesis covers implementation of SOM structure to solve clustering
problems and to improve this structure by proposing new training approaches. SOM
is preferred amongst the other methods used for solving clustering problems as it
uses the advantage of neighborhood. To improve the performance of SOM by
keeping its structure same to make use of neighboring, first the learning rule of LVQ
is considered. Therefore, the clusters are formed using the class information. Then,
combining self-organizing structure with reinforcement learning, the effect of the

reward is considered during training. To test the efficiency of the proposed training



algorithms SOM and the proposed three different structures are implemented in
MATLAB environment. As examples two different problems are considered and the
evaluation measures resultsas sensitivity, specificity, accuracy, precision and
similarity for these problems are given in each Chapter while in the conclusion an

overall discussion is carried.

In the second Chapter, first clustering problem is defined and recent works , where
Self-Organizing Map is used in combination with reinforcement learning [20-22] are
reviewed. In one of these studies [20], the proposed training rule uses SOM structure
to create a small number of data for the agent in the reinforcement learning as initial
training data. Thus, the training process has been accelerated. In [21], a method is
proposed for the classification of the training data, which are formed by the camera
images. SOM and reinforcement learning areaccomplished together in a nested
training structure. In [22] based on the knowledge obtained about the primate visual
system from neuroscience studies, SOM structure is used with reinforcement
learning to adapting some empirical rules governing the visual perception.Then,
performance measures used in evaluating the methods proposed in this thesis are

summarized.

In the third Chapter, a review of SOM is given and the algorithm used in forming m-
file is discussed in detail. This Chapter is concluded with simulation results obtained
for both clustering problems considered in this thesis. In the fourth Chaptergeneral
information about reinforcement learning is given. In Chapter 5, the three training
rules proposed in this thesis are introduced and simulation results for the considered
problems are given for all three proposed structures. In the fifth Chapter, first the
simulation results for all four approaches are summarized with tables and comparison
of these approaches are given, thenChapter is concluded with discussion about how

to improve the results further. Some results are also given in apendix.



2. APPROACHES AND EVALUATION MEASURESUSED IN CLUSTERING
PROBLEM

2.1 Clustering Problem:

Clustering refers to the task of grouping a set of objects into meaningful clusters in
such way that objects in the same cluster are more similar to each other than to those
in other clusters. It is used for identifying hidden patterns and disclosing crucial
knowledge from large data collections. The application areas of clustering include
exploratory data mining, machine learning, pattern recognition, image segmentation,
information retrieval, document classification, transaction analysis, web usage

tracking and bioinformatics.

Clustering itself is not one exact algorithm, but the general task to be solved. Since a
different type of clustering methods have been progressed, clustering keeps on a
challenging task due to the fact that a clustering algorithm behaves differently
depending on the preferred characteristic of the data set and the parameter values of
the algorithm [18]. Therefore, it is important to have some detached measures to
survey the quality of the clustering. While clustering problems are with no prior
knowledge, a quantitative evaluation of the clustering algorithm serves as an
important reference for different kind of tasks, for instance getting knowledge of the
distribution of a data set, recognizing the clustering model that is most relevant for a
problem scope, and determining the optimal parameters for a specific clustering
method. Favored characters of clusters include groups with small distances among
the cluster members, compact areas of the data space, interspaces or
especial statistical distributions so in this way clustering can be devised as a multi-

objective optimization problem [19-29].

Usually clustering is failed to distinguish with classification, while there is a
differencebetweeneach other. In classification the objects are allocated to predefined

classes, whereas in clustering the classes are also to be defined.


http://en.wikipedia.org/wiki/Algorithm
http://en.wikipedia.org/wiki/Distance_function
http://en.wikipedia.org/wiki/Statistical_distribution
http://en.wikipedia.org/wiki/Multi-objective_optimization
http://en.wikipedia.org/wiki/Multi-objective_optimization

2.1.1 Different methods

There are different kind of clustering methods and each of them brings various
results for grouping of dataset. Choosing anappropriate method will rely on the way
of output desired. Considering with overall characteristic, clustering methods can be
divided into two main category such as hierarchical and partitional clustering
methods since whithin each category there exists a substantially of subtypes and

different algorithms for discovering the clusters [19].

Hierarchical clustering goes on by either amalagmating smaller clusters into larger
ones, or by dividing larger clusters into smaller. The clustering methods depend on
the rule by which it is decided which of two small clusters should beassimilated or
which large cluster should bedivided. At the end, there is a tree of clusters which is
called a dendrogram, that shows how the clusters are associated. Clustering the data
sets into disjoint groups can be obtained by cutting the dendrogram at a desired level
[19].

Partitioning methods are trying to directly crumble the data items into a set of
separategroups. The main factor the clustering algorithm attempts is to minimize the
local structure of the data, as by allocateing clusters to peaks in the probability
density function, or minimize the global structure. In general the global factorinclude
minimizing some value of contrast in the samples within each cluster, while
maximizing the difference of various clusters [29]. In this category, K-Means is a
commonly used algorithm [31-19]. The main purpose ofK-Means clustering is the

optimisation of an objective function that is described by thee quation
E =1 Xxec, d(x,my) (2.1)

In the above equation, m; is the center of cluster C;, whereas d(x,m;) is the
Euclidean distance between a point x and m; . Thus, the criterion function E tries to
minimize the distance of each point from the center of the cluster to which the point
belongs. Firstly the algorithms start by initialising a set of C cluster centers. After
that,it allocates each sample of the dataset to the cluster whose center is the nearest,
and recalculates the centers. The process continues until no noticeable changes in the
centers of the clusters observed [30]. Another algorithm of this category is Adaptive
Resonance Theory (ART) which is a theory inspied by how the brain processes

information. There are two mainstructures of training ART which are slow and



fastmethods. In the slow one, the degree of training of the recognition neuron’s
weights towards the input vector is computed to continuous values with differential
equations and therefore the input vector presentation is relying on the length of time.
While for fast learning, algebraic equations are used to compute the degree of
weight adjustments to be made, and binary values are used. Since fast learning is
effective and efficient for diffrent kind of assignments, the slow learning method is
more biologically conceivable and can be used with continuous time [37]. Third
algorithm of the partitioning category is Self-Organizing Map (SOM) as it iswidely
used for clustering and visualization. The patricular feaure of SOM is that the
clusters in a SOM network are organized in a multi-dimensionalmap. During
learning, the network updates not only the winner's weight,but also the weights of the
winner's neighbors. Then these results areplaced in an output map in a way that the
similar clusters are kept together [38]. In the next Chapters it willbe discussed more
about the SOM structure.

2.1.2 Hybrid methods

On some occasions to overcome some of the short comings of techniques, there is
need to havea hybrid method obtained with merging different techniques as | done
in this thesis. Several researchers have surveyed Self-Organizing Map (SOM),
Reinforcement Learning (RL) and Learning Vector Quantizatiton (VQ). This
Chapter arranged to collect some experimental and analytical studies from the

literature.

Recently there are some works, where Self-Organizing Map is used in combination
with reinforcement learning [20-22]. In one of these studies [20], the proposed
training rule uses SOM structure to create a small number of data for the agent in the
reinforcement learning as initial training data. Thus, the training process has been
accelerated. In [21], the proposed method is for the classification of the training
data, which are formed by the camera images, SOM and reinforcement learning area
ccomplished together in a nested training structure. In [22] based on the knowledge
obtained about the primate visual system from neuron science studies, SOM structure
is used with reinforcement learning to adapting some empirical rules governing the

visual perception. Buendia-Ramon et al. (2011) proposed a qualitative approach to
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obtain the relationship between the parameters of the methods (e.g., the learning rate
in a neural network) and the performance evaluation of those methods by using Self-
Organizing Maps (SOMs). While this work has introduced the SOM as a device for
visual data mining it is used to conclude the rules that depend on the different
parameters of a Reinforcement Learning method to its related performance
evaluation. The methodology can be spread to other Machine Learning models, thus
helping non-experts to optimize the paramaters of a certain model [23]. Smith
proposed a new model based on the SOM of Kohonen which lets either the one-to-
one, many-to-one or one-to-many method of the desired state-action mapping to be
recorded. In spite of the fact that as presented there for tasks concluding actual
reward, the method is easily extended to deferred reward. Then he conclude that the
SOM is useful for providing real-time, on-line generalisation in reinforcement
learning problems in which the concealed dimensionalities of the state and action
spaces are small [24]. Somervuo and Kohonen (2004) constructed the SOM and
Learning Vector Quantization (LVQ) algorithms for variable-length and
complicated feature sequences. The novel approach is to combine an entire feature
vector, as a model with each SOM node. Dynamic time wraping is used to obtain
time-normalized distance between sequences with various extends. The proposed
models, can then be used for the identification as well as structure of pattern [25].
Dutech (2012) presented a developmental reinforcement learning structurein order
toexaminwealthy, complicated and large sensorimotor spaces. The central part of that
architecture is made of a function approximator lies on a Dynamic Self-Organizing
Map (DSOM). The life-long online learning feature of the DSOM lets us to take a
progressive approachto learning a robotic task. This structureis examined on a
robotic assignment that looks simple but is still an endurance task forreinforcement

learning [28].

As it mentioned before clustering is based on similarity. In clustering analysis it is
imperative to compute the similarity or distance. So when data is too large or data
arranged in a scattered manner it is quite difficult to properly arrange them in a group
and the main problem is that the calulation takes long time. So to overcome this
problem in SOM method a new algorithm is proposed in this thesis, which performs
two methods to decline the time of processing of clustering. We expected thatthe
accuracy of result is much greater as compared to SOM algorithm. So the aim of this

thesis is to implement the SOM structure to solve clustering problems and to



improve this structure by proposing new training approaches. So relying on this fact,
firstly the learning rule of LVQ is considered. Therefore, the clusters are formed
using the class information. Then, combining of self-organizing structures with

reinforcement learning, the effect of the reward is considered during the training.

2.2 Evaluation Measures

Evaluation of clustering results sometimes is referred to as cluster validation. There
have been several suggestions for a measure of similarity between two clusterings.
Such a evaluation can be used to compare how well different data clustering
algorithms perform on a set of data. These measures are usually lied to the type of
factor being considered in assessing the quality of a clustering method. The
evaluation measures which are used in this thesis are as sensitivity, specificity,

accuracy, precision and similarity.

Sensitivity and specificity are statistical measures of the peformance of binary
classification test, also known in statistics as classifiction function.
Sensitivity measures the proportion of actual positives which are correctly identified.
Specificity measures the proportion of negatives which are correctly identified.
The accuracy of a measurement system is the degree of closeness of measurements
of a quantity to that quantity's actual value. The precision of a measurement system,
also called reproducibility or repeatability, is the degree to which repeated
measurements under unchanged conditions show the same results [16-17]. Since
similarity is fundamental to the definition of a cluster, a measure of the similarity
between two patterns drawnfrom the same feature space is essentialto most clustering
procedures. Because of the variety of feature types and scales, the distance measure
(or measures) must be chosen carefully. It is most common to calculate the
dissimilarity between two patterns using a distance measure defined on the
featurespace. So in this thesis, we focused on the well-known distance measure
which is Euclidean distance [26]. There are several terms that are commonly used
along with the description of sensitivity, specificity, accuracy and precision. They are
true positive (TP), true negative (TN), false negative (FN), and false positive (FP).
The terms positive and negative refer to the classifier's prediction (sometimes known

as the expectation), and the terms true and falserefer to whether that prediction
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corresponds to the external judgment (sometimes known as the observation). Both
false positive and false negativeindicate that the test results are opposite to the actual
condition. In general, Positive defines the identified and negative defines the
rejected. Therefore, True Positive is equal to correctly identified, False Positive is
equal to incorrectly identified, True Negative is equal to correctly rejected and False
Negative defines the incorrectly rejected. In that setting in this thesis TP,FP,TN,FN
are defined as below:

Positive = classified in a class, Negative = classified out of a class

True Positive = correctly classified in a class

False Positive = incorrectly classified in a class

True Negative = correctly classified out of a class
False Negative = incorrectly classified out of a class

Sensitivity, specificity, accuracy and precision are described in terms of TP, TN, FN
and FP.

Sensitivity = (TPT-'{-PFN) (2.2)
Specificity = (TNTJIFVFP) (2.3)
Accuracy = (TN+(;;V:5151FP) 24
Precision = (TPTIFP) (2.5)

As suggested by above equations, sensitivity is the proportion of true positives that
are correctly identified by a diagnostic test. It shows how good the test is at detecting
a class. Specificity is the proportion of the true negatives correctly identified by a
diagnostic test. It suggests how good the test is at identifying normal (negative)
condition. Precision and accuracy are terms used to describe systems and methods
that measure, estimate, or predict. In all these cases, there is some parameter you
wish to know the value of. This is called the true value, or simply, truth. The method
provides a measured value, that you want to be as close to the true value as possible.
Precision and accuracy are ways of describing the error that can exist between these

two values [15].

And we defined similarity in this thesis as :



o (norm (input; -w;))>?

Similarity = Z (2.6)

n

Wheren is number of input sample and w; denotes the winning neuron.
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3. SELF-ORGANIZING MAP

The Self-Organizing Map (SOM), also known as Kohonen map, is one of the most
popular neural network models and is developed by Professor Teuvo Kohonen in
1982. 1t is inspired by the sensory and motor mappings in the mammal brain, which
appear to be automatically organizing the information derived through senses in a
topologically organized way. SOMs organize the data into clusters on their own
through unsupervised competitive learning. The word “Maps” is used because SOMs
attempt to map their weights to conform to the given input data. The weights
defining the nodes in a SOM network attempt to become as the inputs presented to
them through training. In this sense, the network is trained unsupervised. They are
also called Feature Maps, as in Self-Organizing Feature Maps. Retaining the
principle features of the input data is a fundamental principle of SOMs, and one of
the reasons that makes them so valuable. Specifically, the topological relationships
between input data are preserved when mapped to a SOM network [8]. This has a
pragmatic value of representing complex data and makes SOMs different from other
artificial neural networks designed for clustering in the sense that they use a
neighborhood function that preserve the topological properties of the input space.
The property of topology preserving means that the mapping preserves the relative
distance between the points. Points that are near each other in the input space are
mapped to nearby units in the map used in SOM. SOM is used both to cluster data
and to transform an incoming signal pattern of arbitrary dimension into a one or two
dimensional discrete map, and to perform this transformation adaptively in a
topologically ordered fashion therefore it can be named as a data visualization
technique since it helped to solve data visualization problem which is important as

humans simply cannot visualize high dimensional data.

Self-Organizing Map has proven to be useful in many technical applications. In an
industrial setting, the SOM has been applied, for example, in process and machine

state monitoring, fault identification and in robot control [5]. In process and systems
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identification, the use of SOM is well motivated. The number of state variables may
exceed the number of measurements by an order of magnitude. In addition, the state
variables may be non-linearly related. In this case, the analytical model of the plant
in question would not be identifiable from the measurements. In fault diagnosis, the
SOM has two functions. Firstly, the SOM can be used in detecting the fault and in
identifying it. One can detect faults even if there are no measurements of the faulty
states by investigating the quantization error between the SOM and the
measurements. If the quantization error exceeds a pre-defined limit, a faulty state has
occurred. If one needs also to identify faults, representative examples of the faulty
situations must have been recorded. In an application, measurements are made from
a computer system in a network environment. The system is measured in terms of
utilization rates of the central processing unit and traffic volumes in the network. It is
not known a priori what the characteristic states in the operation of the system would
be. So SOM can be used in clustering data measured from the system, or to form a
representation of the characteristic states. Such a representation would be useful in
monitoring the current state of the system [5].

3.1 Structure of SOM

SOM s set up by placing neurons at the determined nodes of a one or two or higher
dimensional lattice. As one of the aim of SOM is to provide a mean for visualizing
high dimensional data, lattices with higher dimensional are not so common. SOM
structure consisting of two layers of neurons is illustrated in Figure 3.1[3].The first
layer is not actually a processing layer; it only receives the input data and transfers it
to the second layer. Each neuron of the second layer connects with each neuron of
the first layer but no neuron of second layer connects to each other. Since each
neuron has a location in the gird chosen, it also has neighboring neurons that are

close to it.

Input layer neurons

® X=0.x.,.x) @

w, = (wgi'.’wy‘l""’wyl:)

/

Output layer neurons

Figure 3.1:The Architecture of SOM [3]
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By calculating, the distance of each neuron weight to the considered input datum we
can determine that which neuron is more similar to the input considered by
determining the smallest distance between neuron weights and the input. In this
configuration, each node on the map has a unique (i, j) coordinate. This makes it easy
to refer a node in the network, and to calculate the distances between nodes, which
will be used when we attempt to find the radius of the neighborhood of the winning

node while updating its weights.

The number of neurons in the second layer can be chosen arbitrarily, and differs from
task to task. Each neuron of the second layer defined by its own weight vector and its
dimension is equal to the dimension of the input vector. The neurons are adjacent to
other neurons by a neighboring relation, which dictates the topology or structure of
the map. Such a neighborhood relation is assigned by a special function called a
topological neighborhood. Therefore, the topology of the lattice defines a
neighborhood structure on the neurons, like those illustrated below in Figure 3.2 and
Figures 3.3 [8].

Figure 3.2 :2-dimensional topology and two possible neighborhoods [8].

°@0 oo

Figure 3.3 :1- dimensional topology with small neighborhood [8].

Here to explain better, how the topological relations between input data is preserved
during the training of a self-organizing map is illustrated in Figure 3.4. In Figure 3.4
[4] the blue blob is the distribution of the training data, and the small white lattice is
the current training sample drawn from that distribution. At first (left) the SOM
nodes are arbitrarily placed at the nodes of lattice. The node nearest to the training

node (highlighted in yellow) is selected, and is moved towards the training datum, as
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(to a lesser extent) are its neighbors on the grid. After many iterations, the grid tends

to approximate the data distribution (right) [4].

fy Ly - -

Figure 3.4 :Training SOM by preserving the topological relations [4].

3.2 Training Process of Self-Organizing Map

The way that SOMs go about organizing themselves is by competition between
neurons for representation of the samples. The weights of neurons are allowed to
change themselves through training to become more like samples. By adapting their
weights, they are expected to be winners in the next competition. This selection of
winner and training process makes the weights organize themselves into a map

representing similarities.

As we mentioned a SOM does not need a priori given target output to be specified
unlike many other types of artificial neural network structures. Instead, when the
node weights match the input vector, that area of the lattice is selectively optimized
according to the neighborhood function to provide close resembling of the data for
the class from which the input data is chosen. Either from an initial distribution of
random weights, or weights randomly chosen from the data set and over many
iterations, the SOM eventually settles into a map of stable zones. Each zone is
effectively a feature classifier, so you can think of the graphical output as a type of
feature map of the input space.

By using a very simple algorithm and over many iterations, one can order weight
vectors in such a way that, they will represent the similarities of the sample vectors.

In the next Chapter, SOM algorithm used in this thesis will be introduced.

3.2.1 SOM Algorithm

The Self-Organizing Map algorithm can be summarized in 6 steps:
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Sampling : The first step in constructing a SOM is to choose a vector at random
from the set of input data and present it to the network. Let m denote the dimension
of the input then the input vector that is selected at randomly from the input space

can be denoted by
X = [Xq,Xg, e Xm] (3.1)

Initialization : In this step, the weight vectors of the neurons that are placed at the
chosen lattice must be initialized. As we mentioned before these weight vectors have
the same dimensions as the sample vectors. There are a number of ways to initialize
the weight vectors, here we just mention three different types of network
initializations method that Kohonen presented: random initialization, initialization

using initial samples and linear initialization [5].

1. Random Initialization : Random initialization means simply that random values
are assigned to weight vectors. This is the case if nothing or little is known about the

input data at the time of the initialization.

2. Initialization Using Initial Samples : Initial samples of the input data set can be
used for weight vector initialization. This has the advantage that the neurons
automatically will lay in the same part of the input space with the data.

3. Linear Initialization : Another initialization method takes advantage of the
principal component analysis (PCA) of the input data. The weight vectors are
initialized to lie in the same input space that is spanned by two eigenvectors
corresponding to the largest eigenvalues of the input data. This has the effect of
stretching the Self-Organizing Map to the same orientation as the data that is the

most significant.

A synaptic-weight vector of j™ neuron is denoted by[1]
Wj: [le, sz, ey ij]T , j:l, 2, ey l (32)

Where [ is total number of neurons in this thesis and m denoting the dimension of the

input data set.

Similarity Matching : Chosen an input from data set, every node corresponding to a
neuron is checked out to test whether its weights are similar the input vector or not.
The winning node is commonly named as the Best Matching Unit (BMU). The BMU
is determined by running through all weight vectors and calculating the distance
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from each weight to the chosen sample vector. The neuron that has weight with the
shortest distance to the input vector is the winner, as it is most similar neuron to the
considered input amongst all neurons. If there is more than one neuron with the same
distance, then the winning weight is chosen randomly among the weights with the
shortest distance. There are a number of different ways to determine the distance
between weights and the input. Actually, mathematically this corresponds to which
norm is used, however, the most commonly used one is the Euclidean Distance. The
Euclidean distance is given as [1]:

J=12,..,1 (3.3)

Where x; is the data value at the ith data member of a sample, n is the number of

dimensions to the sample vector and w; is the synaptic-weight vector of jth neuron.

Topological Neighborhood : Since each weight vector has a location in the gird
chosen, it also has neighboring neurons that are close to it. The weight of the BMU is
updated to become more like to the randomly selected sample vector. In addition to
this updating, the weights of the neighboring neurons to the BMU are also updated

and so their weights become more like to the chosen sample vector.

In this step to determine the neighboring neurons, the neighborhood radius of the
BMU is calculated. The value of the updating term for neighboring neurons is largest
for the nearest neighbor and gets smaller as the distance to the BMU unit is
increased. Typically, the radius of the neighbors in the lattice decreases over time.
Any node within this radius is deemed to be inside the BMU's neighborhood. Let us

denote the Topological Neighborhood by h;; centered on winning neuron i and

encompasses a set of excited neurons, a typical one is denoted by j. d;; denote the

lateral distance between winning neuroni and the excited neuron jin the out-put
space rather than on some distance measure in the original input space. In the case of

two-dimensional lattice it is defined by the following expression [1]

(3.4)

il j=ri]
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The topological neighbourhood is symmetric about maximum point defined by
d;; = 0. In other words, it attains maximum value at winning neuron i for which the
distance d ; is zero. The amplitude of it decreases monotonically with increasing
lateral decaying to zero. Therefore, good choice of h;; that satisfies these

requirements are the Gaussian function [1].

d?;
hj i (M) = exp (— - ) n=01.2,.. (3.5)

20(n)?

The parameter o is the “effective width” of topological neighborhood. It measures
the degree to which excited neuron is approximately the winning neuron participate
in the learning process.

Figure 3.5 shows a plot of the neighborhood function used. As the time progresses,
the base goes towards the center, so there are less neighbors as time progresses. The
initial radius is set high, some value near the width or height of the map [6].

Figure 3.5 :Gaussian neighborhood function
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Figure 3.6 [7] illustrates an example of the size of a typical neighborhood close to the

commencement of training.
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Figure 3.6 : The BMU's neighborhood [7]

One can recognize that the neighborhood shown above is centered on the BMU and
encompasses most of the other nodes. The arrow shows the radius. A unique feature
of the Kohonen map’s learning algorithm is that the neighborhood shrinks over time.
This is accomplished by using the exponential decay function [1]

o(n) = g, exp (— %) , n=20,12,.. (3.6)

Where o, is the value of o at the initiation of SOM algorithm and T is a time
constant to be chosen by designer. Figure 3.7 [7] show how the neighborhood in
Figure 3.6 decreases over time. The figure is drawn assuming the neighborhood
remains centered on the same node, in practice the BMU will move around according
to the input vector being presented to the network.
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Figure 3.7 : The ever shrinking radius [7]

Updating : Each neighboring node's weights are adjusted to make them more like

the input vector. The closer a node to the BMU, the more its weights is altered. Using
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the synaptic-weight vector w;(n) of neuron j at time n we can define the updated

weight vector wj(n + 1) at time (n + 1) by [1]

wj(n + 1) = w;(n) + n(Mhy;0 (M) (x(n) = w;(n)(3.7)

Where n represents the time-step and n is a small variable called the learning rate,
which decreases with time, in particular it should start at some initial value n, and
then decrease gradually with increasing time n. This requirement can be satisfied by

the following heuristic [1]:

n
n(n) = ngyexp (— T—) , n=012,.. (3.8)

2

Where T, is another time constant of the SOM algorithm.

Continuation : Repeat step 2 until no noticeable changes in the feature map are
observed.

3.3 Discussion on SOM

Probably the best thing about SOM is that it is very easy to understand and because it
used unsupervised learning method no external knowledge is needed during the
training. Another great thing is its excellent capability to visualize high- dimensional
data onto one or two dimensional space that makes it unique. Especially its topology
preserving property of topology during dimensionless this helped humans to
visualize high dimensional data easily. But one major problem with SOMs is getting
the right data. Unfortunately one needs a value for each member of samples in order
to generate a map. Sometimes this simply is not possible and often it is very difficult
to acquire all of the data so this is a limiting feature of SOMs often referred to as
missing data. Another problem is that every SOM is different and finds different
similarities among the sample vectors. SOMs organize sample data so that in the
final product, the samples are usually surrounded by similar samples, however
similar samples are not always near each other or near samples always are not belong

to same cluster [6].

The final major problem with SOM is since the training is an iterative process
through time, it requires a lot of computational effort and thus is time-consuming

thesis and also the number of neurons affects the performance of the algorithm also.
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As the number increases the computation increases which results in increasing

computational time.

Here in this thesis to improve clustering property of SOM firstly, self-organizing
map is modified to use class information like learning vector quantization method.
Also, inspired by the hybrid methods proposed recently which combine
reinforcement learning with self-organizing map, a novel approach is proposed
where a simple reinforcement learning algorithm is used both in self-organizing map

and self-organizing map with class information [10].

3.4 Clustering Applications Using SOM:

As it is mentioned previously in this thesis, all the methods considered are applied to
the simple clustering problems. In this Chapter, these problems are presented and
solved with SOM. Two different problems are considered. In the first problem two
sets of 2-dimensional random data points are generated. Since it is easy to follow
two-dimensional problem, this problem is a characteristic example in the clustering

problems [1].

As a second problem, SOM applied to a benchmark problem. This benchmark
problem deals with real data set composed of features of Iris flowers and Sir Ronald
Fisher (1936) as an example of discriminate analysis introduces it. This data set
sometimes called Anderson's Iris data set, because Edgar Anderson collected the data

to quantify the morphologic variation of Iris flowers of three related species [18].

3.4.1 Random data points

In this example, we have constructed a simple data set with two sets of two
dimensional data points. Each class consists of 10 data points. For the first class
random numbers are chosen from a normal distribution with mean (0,0) and standard
deviation one and for the second class random numbers are chosen from a normal
distribution with mean (2,2) and standard deviation two. Here, SOM is realized in
MATLAB environment and with this m-file clustering of these two dimensional

points are realized. In Figure 3.8, the points in the data set are given for one trial. To
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give statistical meaningful results, the problem is solved for 30 times with different

sets created with same statistical properties.

Figure 3.8 : The plot of training data set

Table 3.1 denotes the parameter values that have been used for SOM structure for
this example. Here k parameter denotes the number of training data points, which is
20 in this example, where 10 points belongs to class one, the other 10 belongs to
class two, and for the test data set, we have 3 points from each class so we have
totally 6 points in the test set. Here [ is the number of neurons whereas in this
problem 4, 6, 8 and 10 neurons are considered. Since m is the dimension of data set,
so in this example it is equal to two, ng is the initial value of SOM’s learning rate

and g, is the initial value of the effective width of topological neighborhood.

Table 3.1 : List of parameters and their values

Parameter Mo o n m l k
Parameter 1 3 2.5 2 4,6,8,10 | Training: 20
value Test: 6

In Figure 3.9, 2-dimensional lattice is given when four neurons are used. To
determine the neighborhood the coordinate of each neuron is specified. The
coordinate of the first neuron which is representing the first cluster in 2-dimensional
geometry is (4, 2) and the coordinates of the neurons which are representing the

second, third fourth cluster are (4, 4), (3, 3), (2, 2), respectively.
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Figure 3.9 : The coordiantes of four neurons in 2-dimensional lattice.
3.4.1.1 Simulation results

By applying SOM to the data setgiven in Figure 3.8, the clusters are formed as in
Figure 3.9 at the end of the training the information related to each cluster and each
class, are provided in Figure 3.10. As it can be followed from the Figure 3.10, there
are two incorrect points in the clusterl that are provided by SOM. It can be seen
easily from the figure that these two points belongs to classl that must not be in the
same cluster with class2 points, so as it mentioned in previous Chapters SOM cannot
be recognize similar points and in this thesis, we would try to solve this problem of
SOM.

Figure 3.10 : Result of SOM structure for the data set given in Figure 3.8.
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In order to have statistically significant conclusion, the related m-files are
executed30 times in two different ways. At first for different training sets, which are
produced randomly with same statistical properties for 30-timesare considered then
keeping the training and test data same, 30 different training processes are completed
and in both cases for comparison the performance of SOM, averages of
theevaluationmeasuresare given. In Table 3.2 and Figure 3.11 theresults for 30
different trials with randamtraining data are given. In this table at first SOM for 4
neurons then 6, 8 and 10 neurons are considered andn the Table 3.3 the results of the
test sets considered. All the outcomes for the second type of training and test sets are

given in the appendix.

Table 3.2 : Results of SOM structure for the training set. The average is taken
over 30 trials. The training set is regenerated randomly in each trial
with same statistical properties.

Number Of | Sensitivity Specificity Accuracy Precision
Neuron

4 Neuron | 0.22940.017 | 0.9403+0.0242 | 17.1596+1.4629 | 0.82340.073

6 Neuron | 0.151+ 0.010 | 0.972040.0126 | 18.0064+ 1.299 | 0.860+0.065

8 Neuron | 0.1154+0.008 | 0.9854+0.0096 | 18.7981+1.3648 | 0.897+0.068

10 Neuron | 0.090+0.006 | 0.9875+0.0070 | 18.6243+1.2859 | 0.887+0.064

The sensitivity of the test given the proportion of the data that are classified correctly
in a class thus according to the Table 3.2 which illustrates the outcomes of SOM. The
Sensitivity for the 4 neurons is approximately 23%, so the method is able to cluster

almost less than a quarter of the points correctly in a class.

The Specificity gives the probability of a negative test, it means that it gives the data
which are classifed correctly out of a class. The test has almost 94% Specificity for
the 4 neuron. In other words, more than four-fifth of the tarining samples classified

correctly out of the classes.

The accuracy shows the proportion of true results (both true positives and true
negatives) in the population so theaccuracy refers to the closeness of a measured
value to a standard or known value. In this test the accuracy for the 4 neuron is about

17 which means that 17 points out of 20 ones correctly have been classified.
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Precision is the degree to which several measurements provide answers very close to
each other. It is an indicator of the scatter in the data. The lesser the scatter, higher
the precision thus according to the Table 3.2 the precsion of SOM for 4 neurons is
just over the four fifth of the training test. So SOM has a good accuracy and a good
precison. Further more according to the table as the number of neuron increase the

Sensitivity declines but the Specificity, accuracy and precision become better.

Table 3.3 : Results of SOM structure for the test set. The average is taken over 30
trials. The test set is regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron | 0.359+0.0879 | 0.932+0.0809 | 5.6431+0.847 | 0.8722+0.143
6 Neuron | 0.21840.042 | 0.969+ 0.030 | 5.8750+0.628 | 0.8889+ 0.11
8 Neuron | 0.1513+0.025 | 0.9878+0.016 | 6.2278+0.525 | 0.9278+0.095
10 Neuron | 0.113+0.017 | 0.9844+0.016 | 5.9994+ 0.691 | 0.8833+0.117

Table 3.3 illustrates the all the evaluation results for the test sets in which it can be

seen that all the outcomes are approximately close to the training set outcomes.

lllustration of Similarity of SOM for random training set which is applied for 4,6.8,10 neurons
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Figure 3.11 : Illustration of average similarity outcomes of SOM for random
dataset over 30 trails.

Figure 3.11 denotes the average percentage similarity of the training set after the 30
trails. It is clear from the table that the for the 4 neuron the similarity, which shows
the proportion of the similarity of the neurons to the input sample, is almost near

15% but as the number of neuron increase the average converge to zero instead of the
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10 neuron. It means that by increasing the number of neuron at the end of the training

neuron become more similar to the input samples.

The averge number of steps to conclude the formation of clustering in 30 randomly
generated training sets is about five. The main of this thesis is to improve this.

3.4.2 Iris data set

This famous (Fisher's or Anderson’s) Iris data set consists of 50 samples from each of
three species of Iris which are Iris setosa, versicolor, and virginica. Four features
were measured from each sample: the length and the width of the sepals and petals,
in centimetres. So the input data set is a four dimensional set and based on the

combination of these four features, we would try to cluster them.
3.4.2.1 Simulation results

Now we will try to cluster these points using SOM structure. Table 3.4 shows the
parameter values that have been used in this example. Where k parameter is the
number of training data ponits, which is 120 in this example, where 40 points
belongs to class one, 40 belongs to class two and last 40 belong to class three and for
test data set we have 10 points from each class so we have 30 points in the test set. [
is the number of neurons that is used. For this example, the problem is solved by 4, 6,
8 and 10 neurons. Here m is the dimension of data set, which is 4 in this
example, i, is the initial value of SOM’s learninig rate and g is the initial value of

the effective width of topological neighborhood.

Table 3.4:List of parameters and their values

Parameter Mo o ] m l k
Parameter 1 3 2.5 4 4,6,8,10 | Training: 120
value Test : 30

The results obtained by applying SOM to the Iris data set are provided in Table 3.5
and 3.6. In these tables the neurons are generated randomly. Since, Iris data set is a
4-dimensional set so we can not plot it like previous example. As metioned before at
first SOM is applied for 4 neurons then 6, 8 and 10 neurons. The values defining the

neuron’sweighs are initialized randomly.
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Table 3.5 : Results of SOM structure for the Iris training set over the 30 trials.
The neurons are regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron 0.226540 0.941540 99.7042+0 0.8250+0
6 Neuron | 0.15374+ 0.003 | 0.9746+0.0047 | 105.73642.77 | 0.8744+0.023
8 Neuron | 0.12840.0015 0.9869+0 110.783+ 0.01 0.9167+0
10 Neuron | 0.087+0.0027 | 0.981740.0032 | 101.21+3.457 | 0.8361+0.029

Table 3.5 denotes all the outcomes of SOM structure after 30 trails. At the first
glance it is clear that as the number of neuron increase Sensitivity decrease while

Accuracy, Specificity and Precision approximately increase.

Sensitivity, which shows the proportion of the data that are classified correctly, for 4
neuron is about 22% and the Specificity of that is almost 94%. The Accuracy of Iris
data set is just over the 99. It means that 99 points out of 120 number of data set
clustered correctly and the Precision of the SOM for Iris data set is about 82% so as
in the random data set, SOM is a structure with good accuracy and good Precision so

the results almost are same as the results of random data points.

Table 3.6 : Results of SOM structure for the Iris test set over the 30 trials. The

neurons are regenerated randomly in each trial with same
statisticalproperties.
Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron 0.865410 0.8654+0 23.3750+0 0.7667+0
6 Neuron | 0.9807+0.002 | 0.9807+0.002 | 28.57154+0.0595 | 0.9333+0
8 Neuron | 0.9551+0.007 | 0.9551+0.007 | 24.1354+ 1.028 | 0.786+ 0.035
10 Neuron | 0.993440.005 | 0.9934+0.005 | 29.406440.7526 | 0.959+0.023

Table 3.6 shows the all the evaluation results for the Iris test sets over the 30 trails in

which it can be seen that all the outcomes are approximately close to the training set

outcomes.
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lllustration of Similarity of SOM for training set which is applied for 4,6.8,10 Meurons
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Figure 3.12 : The average similarity results of SOM for Iris data set over 30

Number Of Neuron

trails. Initial weight of neurons aregenereted randomly.

Figure 3.12 shows the average similarity of Iris data clusters separately. According to

the figure as the number of neuron, increase the total average similarity decrease it

means that the neurons became more similar to training set.

As it mention in Chapter 3.2.1, initial samples of the input data set can be used for
weight vector initialization. In Table A.1 and A.2 the results are obtained when

initial weight of neurons are selected from training set. Just three neurons are

considered because of the three different classes that we have in the training set.

Table 3.7 : The average number of convergence steps obtained for 30 trials. For

each trial, the initial weight of neurons is generated randomly.

SOM 4 neuron 6neuron 8neuron 10neuron
Average Number 7+0 12.36+3.01 65405 | 8.1+1.30
of steps

In the Table 3.7, average number of convergence steps to conclude the formation of

clustering is considered. It is clear from the table that convergence in Iris data set

does not depend on the number of neuron.
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4. REINFORCEMENT LEARNING

Reinforcement Learning (RL) is an approach in machine intelligence to solve many
problems like flight control systems for aircraft, automated manufacturing systems,
robot learning to dock on battery charger, playing backgammon and poker in which
the leaner learns an approximately optimal policy through trial and error interactions
with the environment. Historically, the earliest use of a RL method was in Samuel’s
Checkers player program [12-13]. In RL, there is no teacher to train the learner,
instead experience is the only teacher and the goal of the learner is to find out
adequate actions to control the process. In this method, as there is no teacher the
learner is not told which actions to take, as in most forms of machine learning, but
instead must discover which actions yield the best result by trying them. The best
result gives a reward and in the most interesting and challenging cases, actions may
affect not only the immediate reward but also the next situation and, through that, all

subsequent rewards [10].

Reinforcement learning is different from supervised learning, where the learning
progress with examples provided by a knowledgeable external supervisor in other
words, it requires sample input-output pairs from the function to be learned. Unlike
reinforcement learning, supervised learning is not adequate for learning from trial
and error interactions.

One of the challenges that arise in reinforcement learning and not in other kinds of
learning is the trade-off between exploration and exploitation. To obtain a lot of
reward, in reinforcement learning learner must prefer actions that it has tried in the
past and found to be effective in producing reward. However, to discover such
actions, it has to try actions that it has not selected before. The learner has to exploit
what it already knows in order to obtain reward, but it also has to explore in order to
make better action selections in the future [11].
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4.1 The Components of Reinforcement Learning

The standard RL model is intended to operate in a learning environment composed
by two subjects: The learning agent (learner) and a dynamic process. At each discrete
time, the agent sensing the environment, selects an action and applies it back to the
process. The action changes the environment in some manner and this change is
communicated to the agent through a scalar reinforcement signal, indications about
how well it is performing the required task. These signals are usually associated to
some dramatic condition accomplishment of a subtask (reward) or complete failure
(punishment), and the learner’s goal is to optimize its behavior based on some
performance measure (usually minimization of a cost function). The crucial point is
that in order to do that, in the RL framework the learning agent must learn the
conditions (associations between observed states and chosen actions) that lead to
rewards or punishments. In other words, it must learn how to assign credit to past

actions and states by correctly estimating costs associated to these events [10].

As a result beyond the agent and the environment, one can identify four main sub
elements of a reinforcement learning system: a policy, a reward (reinforcement)

function, a value function and optionally a model of the environment.

A policy defines the learning agent's way of behaving at a given time. The policy is
the core of reinforcement learning in the sense that it alone is sufficient to determine
behavior. In general, policies may be stochastic.

A reward function defines the goal in reinforcement learning problem. A
reinforcement learning agent's goal is to learn to perform actions that will maximize
the total reward it receives in the long run. The reward function defines what the
good and bad events are for the agent. A system designer must be selecting a proper
reward function through to the goal of the system.

The value function is a mapping from states to state values and can be approximated
using any type of function approximator. The value of a state is defined as the sum of
the reinforcements received when starting in that state and following some fixed
policy to a terminal state. Whereas a reward function indicates what is good in an
immediate sense, a value function specifies what is good in the long run. Rewards
are in a sense primary, whereas values, as predictions of rewards, are secondary.
Without rewards, there could be no values, and the only purpose of estimating values
is to achieve more reward. Action choices are made based on value judgments. We
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seek actions that bring about states of highest value, not highest reward, because
these actions obtain the greatest amount of reward for us over the long run.
Unfortunately, it is much harder to determine values than it is to determine rewards.
Rewards are basically given directly by the environment, but values must be
estimated and re estimated from the sequences of observations an agent makes over
its entire lifetime. In fact, the most important component of almost all reinforcement
learning algorithms is a method for efficiently estimating values.

The fourth and final element of some reinforcement learning systems is a model of
the environment. For example, given a state and action, the model might predict the
resultant next state and next reward [11].

Figure 3.1 shows how the RL agent interacts with the process. The agent observes
the states of the system through its sensors and chooses actions based on its
experience and according to the action that it has been choosed it gives a reward or

punishment signal. In practical terms, this means that the agent’s sensors must be

good enough to produce correct and unambiguous observations of the process states.

\

> Agent
\
7 5 .
action
— Cost Estimation
Experience Accumulation
/ Reward or punishment
( Environment

state L

Figure 4.1 : Interaction between agent and dynamic process in Reinforcement
learning.
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5. IMPROVING SOM TRAINING PROCESS

Here in this Chapter we defined the three structure which are prooposed to improve
the SOM.

5.1 Adapting Reinforcement Learning to SOM

In this thesis, the training phase of SOM will be modified to include RL approach.
The motivation is to use the concept of award in RL during the training of SOM. The
winning of a neuron for each point in the data set is considered as a behavior which
changes the environment. This behavior can be evaluated and based on this
evaluation it can be decided whether the weight of the winning neuron should be

changed or not. This proposed structure named as RL-SOM.

With this proposed adaptation, the only change will be in the process of weight
updating in SOM algorithm, which is given in Chapter 2.3. At this point, the
similarity of the winning neuron for the kth data will be considered and if this
similarity is less than the similarity determined in the previous iteration winning
neuron for the kth data, weight of the winning neuron would not be updated, else it
would be updated. Therefore, the selected neuron in SOM structure is evaluated and
if its similarity is not better than the neuron which is determined in the previous
iteration step, its weight will not be updated as a punishment, but if it is more similar

than the previous winner, as a reward its weight will be updated.
As it is mentioned above the only change in the algorithm, will be in the process of
updating in SOM algorithm.

Updatingthe Weight of the Winning Neuron and its Neighbors : According to the
determined neighborhood function h; ;(,y, the weight of the winner neuron and its

neighbor’s weight will be updated, as the weight of the winning neuron is more. This

updating equation is given as below:

Wi(n+1) = W; (n) + 8™ (mn(mhy i) () (x(n) — W;(n) 5.1
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Where §7¢ward parameter in equation (4.1) defined as below:

1 Distj’l-(n) < Dl'Stj’i((Tl - 1)

reward —
g (n) = { 0 Dist;;(n) > Dist;;(n — 1) o

5.1.1 Simulation results

As it is mentioned previously, in this thesis all the proposed methods is applied to the
simple clustering problems. As in the previous Chapter on simulation results firstly,

RL-SOM is applied to a set of random data points then it is applied to Iris data set.
5.1.1.1 Random data points

The results obtained when RL-SOM is applied to the data set given in Figure 3.8 are
provided in Figure 5.1. In this application the same parameters value are used which
are in Table 3.1. As it can be followed from the Figure 5.1, there are eight incorrect
points in this figure. It can be seen easily from the figure that two points in cluster 1,
two points in cluster 2, three points in cluster 3 and one point in cluster 4 classified
wrongly. Although the overall performance of RL-SOM is poor, if the results of
SOM and RL-SOM checked carefully it can be seen that RL-SOM can allocate the
close data of separate class correctly in different clusters which SOM couldn’t

distinguish.

Figure 5.1 : Results of RL-SOM structure for the data set given in Figure 3.8

In order to have statistically significant conclusion, the related m-files are executed

in two different ways as in Chapter 3.4.1.1. In Table 5.1 and 5.2 the average results
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of 30 trials is taken over the random training and test sets and the results for the same

type of random data set are given in appendix.

Table 5.1 : Results of RL-SOM structure for the training set. The average is taken
over 30 trials. The training set is regenerated randomly in each trial
with same statistical properties.

Number of
neuron

Sensitivity

Specificity

Accuracy

Precision

4 Neuron

0.2196+0.0347

0.8861+ 0.036

14.3883+1.566

0.6883+0.0773

6 Neuron

0.1368+0.0135

0.9395+0.0161

14.9842+1.4222

0.7117+0.070

8 Neuron

0.1061+0.0108

0.9591+0.0101

15.4756+1.3382

0.7350+0.0671

10 Neuron

0.0813+0.0078

0.9695+0.0092

15.6012+1.5770

0.7383+ 0.078

Table 5.1 gives the all results of RL-SOM
Sensitivity of RL-SOM for 4 neuron is about 22% which is approximately same as
the SOM structure. Specificity of RL-SOM is about 88% which is less than the
Specificity of the SOM structure. It means that the number of the points that are

structure after 30 trails in which

incorrectly classified out of a class is more than the SOM structure. It can be seen

from the table that the accuracy and precision of the RL-SOM are also worse than the

SOM. However, it is clear that except the sensitivity as the number of neuron goes up

the results become better.

Table 5.2 : Results of RL-SOM structure for the test set. The average is taken
over 30 trials. The test set is regenerated randomly in each trial with
same statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron | 0.32994+0.1014 | 0.8926+0.0684 | 5.2028+0.7739 | 0.7944+0.1362
6 Neuron | 0.1798+0.0345 | 0.9565+0.0344 | 5.5648+0.8535 | 0.8222+0.1447
8 Neuron | 0.1304+0.0280 | 0.9738+0.0208 | 5.7444+0.7705 | 0.8389+ 0.135
10 Neuron | 0.10534+0.0177 | 0.9838+0.0143 | 5.9811+0.6572 | 0.8722+0.1132
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Table 5.2 denotes the all the evaluation results for the test sets in which it can be seen

that all the outcomes are approximately close to the training set outcomes.

lNustration of Similarity of RL-SOM for random training set which is applied for 4,6,8,10 neurons
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Figure 5.2 : The average similarity results of RL-SOM for random data set over
30 trails.

Figure 5.2 illustrates the average percentage similarity of the training set after the 30
trails. It is clear from the table that the for the 4 neuron the similarity, which shows
the proportion of the similarity of the neurons to the input sample, is justover 50%
but as the number of neuron increase the average converge to zero it means that by
increasing the number of neuron at the end of the training neuron become more
similar to the input samples but all the same, these values are worse than the SOM

values.

The average number of steps to conclude the formation of clustering in 30 randomly
generated training sets is about three which is less than the value which is obtained
by SOM. It means that by mixing RL and SOM we could improve convergence
performance of SOM.

5.1.1.2 Iris data points

Now we will try to cluster Iris data points by using RL-SOM structure. In this
example the same parameters value has been used which are given in Table.2. For
this example as in the previous example, the problem is solved with 4, 6, 8 and 10

neurons.
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The results obtained by applying RL-SOM to the Irisdata set are provided in Table
5.3 and 5.4.

Table 5.3 : Results of RL-SOM structure for the Iris training set over the 30 trials.
The neurons are regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron 0.1912+ 0.0194 | 0.8570+0.0230 | 70.9177+8.946 | 0.5858+0.0745
6 Neuron 0.121840.0120 | 0.9311+40.0137 | 79.015448.818 | 0.6519+0.0735
8 Neuron 0.0919+0.0069 | 0.9470+0.0046 | 77.99574+4.588 | 0.6433+ 0.0384
10 Neuron | 0.0708+ 0.005 | 0.9622+0.0065 | 80.1021+6.992 | 0.6603+0.0582

Table 5.3 denotes all the outcomes of SOM structure after 30 trails. At the first
glance it is clear that as the number of neuron increase, as in SOM, Sensitivity
decrease but the other evaluation measures incresae and these values, in contrast to

SOM’s values, are more better.

Table 5.4 : Results of RL- SOM structure for the Iris test set over the 30 trials.
The neurons are regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron | 0.870340.0311 | 0.8703+ 0.031 | 23.6922+ 2.21 | 0.7778+ 0.075
6 Neuron | 0.9964+0.0074 | 0.996440.0074 | 30.1502+ 0.79 | 0.9867+ 0.027
8 Neuron | 0.9861+0.0138 | 0.9861+ 0.014 | 28.4472+ 2.19 | 0.9278+0.0738
10 Neuron | 0.9773+0.0164 | 0.9773+ 0.016 | 26.2788+3.074 | 0.8556+0.1026

Table 5.4 shows the all the evaluation results for the Iris test sets over the 30 trails.
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Figure 5.3 : The average similarity results of RL-SOM for Iris data set over 30
trails. Initial weights of neurons are generated randomly.

Figure 5.3 shows the average similarity of Iris data clusters separately. According to
the figure as the number of neuron increase the total average similarity
approximately decrease it means that the neurons became more similar to training set

but to compare with SOM the results are not better.
In Table 5.5 the convergence speed of the method is given.

Table 5.5 : The average number of convergence steps obtained for 30 trials. For
each trial, the initial weights of neurons are generated randomly.

RL-SOM 4neuron 6neuron 8neuron 10neuron
Average 8.53+1.1 10.07+1.2 9.23+2.19 10.07+1.36
number of steps

5.2 Adapting Class Information to SOM

Learning Vector Quantization (LVQ) is one of the structure which again proposed by
T.Kohonen. The Difference of LVQ from SOM is in learning method where during
training class information is used however neighboring relation is not taken into
account and only the winning neuron's weight is updated. During this updating if the
winning neuron’s label same as the input data’s label in that case the neuron's weight

is increased else the weight is reduced. For example, a data set labeled with three
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classes 3rd, 5th, 7th neurons can have the first neuron class label, 1st, 2nd, 4th
neurons can have the second neuron class label, 6th and 8th neurons can have the

third neuron class label, etc..

In this case thesis the class information for the data set will be considered during the
training of SOM and the proposed algorithm obtained by this change will be named
as Supervised Self-Organizing Map (S-SOM).

The algorithm steps of this new proposed structure will be remained the same as the
algorithm of the SOM structure which is given in 2.2.1 Chapter, except the
“determination of the initial values” and “updating the weight of the winning neuron

and its neighbors”.

The First Assignment of Values : Weight vectors are randomly assigned.
Thus,initial value of the I number of neuron will be determined. This I number of

neuron will be labled with » number of classes.

Updating the Weight of the Winning Neuron and its Neighbors : According to

the determined neighborhood function h ; ;. (n) the weight of the winner neuron an

ditsneighbor’s weight will be updated. This updating equation is given as below :

Wi(n + 1) = Wj(n) + 899 In(m)hy i () (x(n) — Wi(n)) (5.3)
Where §¢145s parameter in equation (5.1) defined as below:

1  if nthinput data's label is the same as
greward () = J the winning neuron'label
0 if nth input data's label is not the same as
the winning neuron'label

(5.4)

5.2.1 Simulation results
5.2.1.1 Random data points

By applying S-SOM through the data set which is given in Figure 3.8 at the end of

the training the information related to each cluster and each class are provided in .

As it can be followed from the Figure 5.4 that the clusters composed without any
error. Thus S-SOM structure can solve the problem of SOM which cannot

distinguish the close data that are not belonging to a same class.
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Figure 5.4 : Results of S-SOM structure for the data set given in Figure 3.8

In order to have statistically significant conclusion, the related m-files are executed
for the different training sets, which are produced randomly for eachtrial. 30 trials are
considered and the performance of S-SOM is given in Tables 5.6. and 5.7. Table 5.6.,
is giving the results for 30 different trials where the training and test sets select
randomly in each trail. In this table at first S-SOM applied to 4 random neurons then

6, 8 and 10 random neurons.

Table 5.6 : Results of S-SOM structure for the training set. The average is taken
over 30 trials. The test set is regenerated randomly in each trial with
same statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 Neuron | 0.2551+0.0409 | 0.8948+0.0414 | 15.52754+1.5876 | 0.7483+0.0771
6 Neuron | 0.1656+ 0.014 | 0.9536+0.0243 | 16.8858+1.7802 | 0.810040.0855
8 Neuron | 0.1146+0.0097 | 0.9708+0.0122 | 17.0550+1.4890 | 0.8133+0.0730
10 Neuron | 0.0925+ 0.007 | 0.9818+ 0.009 | 17.8003+ 1.484 | 0.8483+0.0725

Table 5.6 gives the all results of S-SOM structure after 30 trails in which Sensitivity
of S-SOM for 4 neuron is about 25% which is approximately better than both SOM
and RL-SOM structures. Specificity of S-SOM is about 89% which is less than the
Specificity of the SOM structure but not less than RL-SOM one. It means that the
number of the points that are incorrectly classified out of a class is more than the
SOM structure and is less than the RL-SOM. It can be seen from the table that the

accuracy and precision of the RL-SOM are also worse than the SOM. However it is
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clear that except the Sensitivity as the number of neuron goes up the results become

better.

Table 5.7 : Results of S-SOM structure for the test set. The average is taken over
30 trials. The test set is regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron

4 Neuron | 0.3095+0.0741 | 0.907340.0635 | 5.34174+0.7323 | 0.8111+0.8111
6 Neuron | 0.2052+ 0.039 | 0.9615+0.0311 | 5.73524+0.6395 | 0.8611+0.1080
8 Neuron | 0.1448+0.0249 | 0.9799+ 0.023 | 5.99724+0.7572 | 0.8889+0.1263

10 Neuron | 0.1141+ 0.014 | 0.9906+0.0110 | 6.2911+0.4801 | 0.9278+ 0.084

Table 5.4 shows the all the evaluation results for the Iris test sets over the 30 trails.
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Figure 5.5 : The average similarity results of S-SOM for random data set over 30

trail.

Figure 5.5 illustrates the average percentage similarity of the training set after the 30

trails. It is clear from the table that the for the 4 neuron the similarity, which shows

the proportion of the similarity of the neurons to the input sample, is justbelow 35%

while as the number of neuron increase the average converge to zero. It means that

by increasing the number of neuron at the end of the training neuron become more

similar to the input samples but all the same, these values are worse than the SOM

values and are better than RL-SOM.
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The average number of convergence steps obtained for S-SOM over 30 trials is about

5. For each trial the training set is generated randomly.
5.2.1.2 Iris data points

Now we will try to cluster Iris data points by using S-SOM structure. In this example
the same parameters value has been used as in Table 3.4. For this example as the

previous example, the problem is solved using 4, 6, 8 and 10 neurons.

The results obtained by applying S-SOM to the Iris data set are provided in Table 5.8
and 5.9. They are giving the average pecentage of evaluation mesuares for 30-times

training of data sets and test sets for 4,6,8 and 10 neurons.

Table 5.8 : Results of S-SOM structure for the Iris training set over the 30 trials.
The neurons are regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron

4 Neuron | 0.246510.034 | 0.7670+ 0.061 | 63.4790+9.576 | 0.52640.079

6 Neuron | 0.124640.019 | 0.9142+ 0.017 | 72.9464+9.197 | 0.602+0.077

8 Neuron | 0.1057+0.012 | 0.9431+0.0132 | 80.4083+7.621 | 0.66440.063

10 Neuron | 0.07704+0.009 | 0.9637+0.0108 | 83.723 +9.927 | 0.691+0.083

Table 5.8 denotes all the outcomes of S-SOM structure after 30 trails. At the first
glance it is clear that as the number of neuron increase Sensitivity decrease while

accuracy, Specificity and precision approximately increase.

Sensitivityfor the 4 neuron is about 24% and the Specificity of that is almost 76%.
The accuracy of Iris data set is just over the 63. It means that 69 points out of 120
number of data set clustered correctly and the precision of the SOM for Iris data set
is about 52% .

Again, as in previous examples the evaluation measures are given considering the
all of training process, Acoording to Table 5.9 the results for test set are better since

the training phase is complete and the clusters are determined.
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Table 5.9 : Results of S-SOM structure for the Iris test set over the 30 trials. The
neurons are regenerated randomly in each trial with same statistical
properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron

4 Neuron 0.766+0.125 | 0.7665+0.125 | 20.047+5.649 | 0.658+ 0.189

6 Neuron 0.90240.025 0.90240.025 | 20.766+ 2.618 | 0.676+0.088

8 Neuron 0.958+0.044 0.958+0.044 | 23.995+ 7.188 | 0.780+ 0.240

10 Neuron 0.976+0.019 0.976 £ 0.02 | 25.8153+4.19 | 0.839 +£0.14
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Figure 5.6 : The average similarity results of S-SOM for Iris data set over 30
trails. Initial weights of neurons are generated randomly.

Figure 5.6 shows the average similarity of Iris data clusters separately. According to
figure as the number of neuron, increase the total average similarity decrease it

means that the neurons became more similar to training set.

Table 5.10 : The average number of steps obtained for 30 trials. For each trial, the
initial weights of neurons are generated randomly

S-SOM 4 Neuron 6 Neuron 8 Neuron 10 Neuron

Average number of
steps

10.4+1.71 7.73+£1.25 | 8.3+1.51 8.23+1.36
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5.3 Adapting Reinforcement Learning and Class Information Together to SOM

This structure is the combination of two previous approaches, which are proposed for
the first time in Chapter 4.1 and 4.2 of this thesis, and it named as RL-S-SOM. In this
structure, the winning neuron and its neighbors are updated considering the class

information and reinforcement learning together.

The only change will be appear in the process of weight updating in SOM algorithm.

Updating the Weight of the Winning Neuron and its Neighbors : According to
the determined neighborhood function h ; ;) (n) the weight of the winner neuron

and its neighbor’s weight will be updated as the weight of the winning neuron is

more. This updating equation is given as below:

Wi(n+ 1) = W;(n) + 8" Nk i () (x(n) = W; () (55)
Where 5145 parameter in equation (5.1) defined as below:

1 Distj,i(n) < Distj,i((n - 1)6Class =1
§'(n) = { 0 Distj;(n) < Distj;(n— 1)5°9S = 0 (5.6)
0 DlSt]’l(n) > DlStJ'l((n — 1)

5.3.1 Simulation results
5.3.1.1 Random data points

By applying RL-S-SOM to the data set which is given in Figure 3.8, the reults given
in Figure 5.7 is obtained at the end of the training. The information related to each
cluster and each class are provided in Figure 5.7. As it can be followed from the
Figure 5.7 the clusters composed without any error. Thus RL-S-SOM structure can
solve the problem of SOM which cannot distinguish the close data that do not belong

to a same class.
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Figure 5.7 : Results of RL-S-SOM structure for the data set given in Figure 3.8

The results for RL-S-SOM is summarized in Table 5.11 and 5.12 and Increasing the
number of neurons improves the results. Not only the number of incorrect data

decreases, but also the similarity gets better.

Table 5.11 : Results of RL-S-SOM structure for the training set. The average is
taken over 30 trials. The training set is regenerated randomly in each
trial with same statistical properties.

Number Of Precision
Neuron

4 Neuron

Sensitivity Specificity Accuracy

0.2720+0.0407
0.1673+0.0149
0.1188+0.0062
0.0941+0.006

0.8898+0.0510
0.9429+0.0186
0.9696+0.0146
0.9828+0.0100

15.6887+1.6851
16.0414+ 1.428
17.0921+1.5787
17.9930+ 1.569

0.7583+0.081
0.770+ 0.070
0.8167+0.076
0.8583+0.077

6 Neuron

8 Neuron

10 Neuron

Table 5.12 shows the all the evaluation results for the Iris test sets over the 30 trails.

Table 5.12 : Results of RL-S-SOM structure for the test set. The average is taken
over 30 trials. The training set is regenerated randomly in each trial
with same statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron

4 Neuron | 0.3471+0.1055 | 0.8971+ 0.089 | 5.2778+0.8339 | 0.811+0.143

6 Neuron | 0.1946+0.0513 | 0.9608+ 0.036 | 5.6306+0.8766 | 0.838+0.155

8 Neuron | 0.1398+0.0284 | 0.97734+0.0211 | 5.8771+0.7321 | 0.8667+0.13

10 Neuron | 0.113240.0178 | 0.9875+0.0149 | 6.1489+0.6633 | 0.9056+0.13
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Figure 5.8 : The average similarity results of RL-S-SOM for random data set over
30 trails.

Figure 5.8 illustrates the average percentage similarity of the training set after the 30
trails. It is clear from the table that the for the 4 neuron the similarity, which shows
the proportion of the similarity of the neurons to the input sample, is near the 85%
but as the number of neuron increase the average converge to zero. It means that by
increasing the number of neuron at the end of the training neuron become more

similar to the input samples.

The average number of steps obtained for RL-S-SOM over the 30 trials is obout 4.

For each trial, the training set is generated randomly.
5.3.1.2 Iris data points

Using RL-S-SOM, lIris data set is clustered. Again with increasing the number of
neurons the results are improved. In order to see the effect of initial neuron values,
not only randomly generated set are considered, but also the clustering with initial
values taken from training set is considered. These results are summarized in Tables
5.13, 5.14 and Figure 5.9.
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Table 5.13 : Results of RL-S-SOM structure for the Iris training set over the 30
trials. The neurons are regenerated randomly in each trial with same
statistical properties.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
4 neuron | 0.2206+ 0.012 | 0.7488+0.0686 | 56.31+ 10.453 | 0.4658+0.087
6 neuron | 0.1447+ 0.023 | 0.9149+40.0214 | 78.419+5.916 | 0.6481+0.049
8 neuron | 0.10534+0.011 | 0.9420+0.0184 | 80.004+10.87 | 0.660+0.0902
10 neuron | 0.0836+0.013 | 0.9618+0.0110 | 84.742+ 7.401 | 0.6997+0.061

Table 5.13 denotes all the outcomes of RL-S-SOM structure after 30 trails. At the
first glance it is clear that as the number of neuron increase Sensitivity decrease

while accuracy, Specificity and precision approximately increase.

Sensitivity for the 4 neuron is about 22% which is almost the same as as the SOM
and the Specificity of that is almost 74%. The accuracy of Iris data set is just over the
56. It means that 56 points out of 120 number of data set clustered correctly and the

precision of the SOM for Iris data set is about 46% .

Table 5.14 : Results of RL-S-SOM structure for the Iris test set over the 30 trials.
The neurons are regenerated randomly in each trial with same
statistical properties.

Number of Sensitivity Specificity Accuracy Precision
Neuron

4 neuron | 0.751+ 0.142 | 0.751440.1423 | 20.5644+3.4872 | 0.6756+0.114
6 neuron | 0.928+ 0.043 | 0.92784+0.0428 | 23.4956+ 4.479 | 0.767+ 0.151
8 neuron 0.961+0.034 | 0.9607+0.0336 | 24.5353+5.3962 | 0.7978+0.180

10 neuron | 0.9736+0.02 | 0.9736+ 0.020 | 25.3256+ 3.977 | 0.8222+0.132

Table 5.14 shows the all the evaluation results for the Iris test sets over the 30 trails.
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Figure 5.9 : The average similarity results of RL-S-SOM for Iris data set over 30
trails. Initial weights of neurons are generated randomly.

All these results reveal that the characteristic of class 1 causes clustering it easily,

while it is not that easy to cluster class three as it is very similar to class 2.
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6. CONCLUSION AND RECOMMENDATIONS

In this thesis, first SOM algorithm is given and then the new approaches in order to
improve SOM’s performanceare proposed in Chapter 4. These structures have been
applied to simple problems which are Iris data set and random data points. All the
simulation results are obtained by m-files prepared in MATLAB environment. The
results are discussed after simulation results are given. In order to compare each of
the four methods in random data points and to carry out this discussion in a
statistically significant manner, the related m-files are executed for 30 timesand the

results are summarized with the tables given here.

In Table 6.1 and 6.2, the converge properties of the methods are given for both
problems considered throughout the thesis. As it can be followed from Table 6.1 the
proposed methods converge faster for considering the 2-dimensional point data set
while there is not much difference between methods for Iris data set, where the

results are given in Table 6.2.

Table 6.1 : The average number of steps obtained for 30 trials. For each trial, the
training set is generated randomly.

Method SOM S-SOM RL-SOM RL-S-SOM
Average 5.43+0.9 4.6x1.0 3.63+0.8 3.76+0.8
Number of steps
Table 6.2:The average number of steps for Iris data set.
Method
SOM RL-SOM S-SOM RL-S-SOM
Average
Step
4 Neuron 7.00+0 8.53+1.1 10.4+1.71 8.67+£1.42
6 Neuron 12.36+£3.01 10.07+1.2 7.73+1.25 8.91£2.10
8 Neuron 6.5£0.5 9.23+2.19 8.3t1.51 8.93+1.84
10 Neuron 8.1+1.30 10.07+1.36 8.23+£1.36 9.07£1.93
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As it can be seen in Table 6.1 in RL-SOM structure, the cluster formations have been
accelerated. After the formation of the clusters, in order to have a better represent
action, the training phase is continued more. The clusters formed by continuing the
training phase until 100 steps are over. This provided the grouping of data in the
order of one-thousandth difference in the average distances of the winning neuron.
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Figure 6.1 : Comparing the evaluation measures of four methods for random data
set: (a)Specificity. (b)Sensitivity. (c)Accuracy. (d)Precision. (e)Similarity

According to the Figure 6.1 which summarizes the simulation results in Chapter 5.2,
S-SOM structure gives the best result amongst the three methods that have been
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suggested. However, due to the reward mechanism of RL-SOM structure, which
chooses the winner based on the criteria of choosing the best fit makes it possible to
distinguish similar data in different classes.
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Figure 6.2 : Comparing the evaluation measures of four methods for Iris data set:
(a)Specificity. (b)Sensitivity. (c)Accuracy. (d)Precision. (e)Similarity

Infigure 6.2 the results for Iris data set are summarized. As it can followed from
these figures, implementing RL and LVQ in SOM did not help much in improving
the results. While choosing the initial data from the training set improved the results
still results are not better than SOM.
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In this thesis, SOM is investigated and in order to improve its performance new
training algorithms are proposed. SOM structure and the proposed algorithms are
implemented in MATLAB environment and two problems are considered. Even
though, the proposed methods provided some improvement in the data set of 2-
dimensional points, the results for Iris data set were not satisfactory as expected.

Using in a way more knowledge in the training would help to improve the
performance of already existing methods. One way could have different
reinforcement  learning methods implemented in conventional methods.
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APPENDICES
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Figure A.1 : The average similarity results of the four structure for data set which
are kept same over 30 trails.(aQ)SOM. (b)RL-SOM. (c¢)S-SOM. (d)RL-
A-S-SOM.
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Table A.5: The average similarity results of RL-SOM for Iris data set over 30
trails. Initial weights of neurons are selected from training set.

Number AverageSimilarity
Of Neuron
Class 1 Class 2 Class3 Total
3 neuron 0.35+0.03 1.2+0 1.18+0 0.91+0.008

Table A.6 : Results of S-SOM structure for the Iris training set over the 30 trials.
Initial weights of neurons are selected from training set.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
3 neuron 0.4286+0 0.619740 66.2444+0 0.5500+0

Table A.7: Results of S-SOM structure for the Iris test set over the 30 trials. Initial
weights of neurons are selected from training set.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
3 neuron 0.3750+0 0.3750+0 20.0667+0 0.6667+0

Table A.8: The average similarity results of S- SOM for Iris data set over 30 trails.
Initial weights of neurons are selected from training set.

Number Of AverageSimilarity
Neuron
Class 1 Class 2 Class3 Total
3 neuron 0.10+0 10.91+0.0004 23.03+0.0006 11.35+0.0003
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Table A.9: Results of RL-S-SOM structure for the Iris training set over the 30
trials. Initial weights of neurons are selected from training set.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
3 neuron 0.2667+0 0.846240 80.6111+0 0.6667+0

Table A.10: Results of RL-S-SOM structure for the Iris test set over the 30 trials.
Initial weights of neurons are selected from training set.

Number Of Sensitivity Specificity Accuracy Precision
Neuron
3 neuron 1+0 110 30.2222+40 140

Table A.11: The average similarity results of RL-S- SOM for Iris data set over 30
trails. Initial weights of neurons are selected from training set.

Number of Average Similarity
Neuron
Class 1 Class 2 Class 3 Total
3 neuron 0.26+0.17 9.83+4.14 20.46%7.86 10.18+3.94

Table A.12: The average number of convergence steps obtained for 30 trials. For
each trial, the training set is generated randomly.

RL-S-SOM 4neuron 6neuron 8neuron 10neuron

Average number of

step 8.67+1.42 8.9+2.10 8.93+1.84 9.07+1.93
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