
  

Sofia University "St. Kliment Ohridski", 

Faculty of Mathematics and Informatics 

 
 

 
 

Learning From Multiple Sources of 

Data 
 

Gergana Angelova Lazarova 
 

 
THESIS 

 

 

 

for conferring of academic and scientific degree 

DOCTOR 

in professional field 4.6 Informatics and Computer Science 

scientific speciality 01.01.12 Informatics (Artificial Intelligence) 

 

 

 

 

Scientific supervisor: 

Prof. Ivan Koychev 
   

 

Sofia, 2015 

      



PhD thesis: Learning from multiple sources of data 

 

 

  - 2 -                                                 

     TABLE OF CONTENTS 

STRUCTURE .............................................................................................................................................................. 6 

ACKNOWLEDGEMENTS ......................................................................................................................................... 7 

1. INTRODUCTION .......................................................................................................................................... 8 

1.1 PROBLEM FORMULATION ..................................................................................................................................... 8 

1.2 MOTIVATION .......................................................................................................................................................... 9 

1.3 PROBLEM SIGNIFICANCE AND PRESENT INTEREST ......................................................................................... 9 

1.4 THESIS AIM ........................................................................................................................................................... 11 

1.5 THESIS OBJECTIVES ............................................................................................................................................. 11 

2. THEORETICAL BACKGROUND AND OVERVIEW OF SEMI-SUPERVISED MULTI-VIEW 

LEARNING .................................................................................................................................................................. 12 

2.1 SUPERVISED LEARNING ...................................................................................................................................... 13 

2.1.1 Naive Bayes Classifier ................................................................................................ 15 

2.1.2 Bayes Classifier, based on Multivariate Normal Distribution ................... 16 

2.1.3 Support Vector Machines ......................................................................................... 17 

2.2 UNSUPERVISED LEARNING ................................................................................................................................. 20 

2.2.1 kMeans ............................................................................................................................. 20 

2.2.2 Expectation-Maximization Algorithm ................................................................. 20 

2.3 SEMI-SUPERVISED LEARNING ............................................................................................................................ 22 

2.3.1 Self-Training .................................................................................................................. 23 

2.3.2 Cluster-then-label ........................................................................................................ 24 

2.3.3 Semi-supervised Expectation-Maximization algorithm .............................. 25 

2.3.4 Semi-supervised Support Vector Machines ...................................................... 26 

2.3.5 Graph-based Semi-supervised Learning ............................................................ 27 

2.4 SEMI-SUPERVISED MULTI-VIEW LEARNING.................................................................................................... 30 

2.4.1 Multiple Sources of Information ........................................................................... 30 

2.4.2 Principles of Multi-view Learning ........................................................................ 33 

2.4.3 Problem Formulation................................................................................................. 33 

2.4.4 Co-training ...................................................................................................................... 35 

2.4.5 Co-EM Algorithm ......................................................................................................... 37 

2.4.6 Multi-View Learning, based on error minimization ...................................... 37 



 

 

Gergana Lazarova, Sofia, 2015 - 3 -                                                 

2.4.7 Graph-based Semi-supervised Multi-View Learning .................................... 39 

2.4.8 Multi-View Semi-supervised Support Vector Machines .............................. 41 

2.4.9 Co-regularized Least Squares ................................................................................. 41 

2.5 GENETIC ALGORITHMS ....................................................................................................................................... 42 

2.5.1 Individuals ...................................................................................................................... 43 

2.5.2 Fitness Function ........................................................................................................... 43 

2.5.3 Selection .......................................................................................................................... 43 

2.5.4 Crossover ........................................................................................................................ 44 

2.5.5 Mutation .......................................................................................................................... 44 

3. SEMI-SUPERVISED MULTI-VIEW GENETIC ALGORITHM .......................................................... 46 

3.1 PROBLEM STATEMENT ....................................................................................................................................... 46 

3.2 METHODOLOGY OF THE ALGORITHM ................................................................................................................ 48 

3.2.1 Individuals ...................................................................................................................... 48 

3.2.2 Fitness Function ........................................................................................................... 49 

3.2.3 Crossover ........................................................................................................................ 49 

3.2.4 Mutation .......................................................................................................................... 50 

3.2.5 The Algorithm ............................................................................................................... 50 

3.3 DESIGNING EXPERIMENTS .................................................................................................................................. 52 

3.3.1 Experiments ................................................................................................................... 52 

3.3.2 Training and test sets: ............................................................................................... 52 

3.3.3 Monte-Carlo Cross Validation................................................................................. 53 

3.4 CONDUCTING EXPERIMENTS .............................................................................................................................. 55 

3.4.1 Dataset ............................................................................................................................. 55 

3.4.2 Parameters of the algorithms ................................................................................. 55 

3.4.3 Results .............................................................................................................................. 56 

3.5 CONCLUSION ......................................................................................................................................................... 57 

4. A SENTIMENT ANALYSIS SYSTEM IN BULGARIAN ....................................................................... 59 

4.1 SENTIMENT ANALYSIS IN ENGLISH .................................................................................................................. 59 

4.2 SENTIMENT ANALYSIS IN BULGARIAN .............................................................................................................. 60 

4.3 SASBG DEVELOPMENT CYCLE ......................................................................................................................... 61 

4.4 MOVIE REVIEWS - DATA ACQUISITION AND DATA UNDERSTANDING........................................................... 63 

4.4.1 Movie reviews ............................................................................................................... 64 

4.4.2 Rating scale .................................................................................................................... 65 



PhD thesis: Learning from multiple sources of data 

 

 

  - 4 -                                                 

4.4.3 Multiple sources of information ............................................................................ 65 

4.5 DATA PREPROCESSING ....................................................................................................................................... 66 

4.6 DATA TRANSLATION - CREATING TWO VIEWS ................................................................................................ 66 

4.6.1 Feature Extraction from movie reviews ............................................................ 67 

4.6.2 Scoring the movie reviews ....................................................................................... 68 

4.6.3 Gate pipeline .................................................................................................................. 69 

4.7 MODELLING OF SASBG ...................................................................................................................................... 70 

4.7.1 Distributed Software Architecture ....................................................................... 70 

4.7.2 Apache Hadoop............................................................................................................. 73 

4.7.3 Apache Spark ................................................................................................................. 73 

4.8 EVALUATION OF SASBG .................................................................................................................................... 74 

4.8.1 Training and test sets................................................................................................. 74 

4.8.2 Designing Experiments ............................................................................................. 75 

4.8.3 Conducting Experiments .......................................................................................... 77 

5. A MULTI-VIEW TEACHING ALGORITHM ......................................................................................... 79 

5.1 PROBLEM STATEMENT ....................................................................................................................................... 79 

5.2 METHODOLOGY OF THE ALGORITHM ................................................................................................................ 79 

5.3 DESIGNING EXPERIMENTS .................................................................................................................................. 82 

5.3.1 Experiments ................................................................................................................... 82 

5.3.2 Training and test sets: ............................................................................................... 82 

5.4 CONDUCTING EXPERIMENTS ............................................................................................................................. 83 

5.4.1 Datasets ........................................................................................................................... 83 

5.4.2 Experimental Results ................................................................................................. 84 

5.5 CONCLUSION ......................................................................................................................................................... 87 

6. A SEMI-SUPERVISED IMAGE SEGMENTATION SYSTEM (SSISS) .............................................. 89 

6.1 IMAGE SEGMENTATION ...................................................................................................................................... 89 

6.2 SEMI-SUPERVISED IMAGE SEGMENTATION ...................................................................................................... 91 

6.3 CHARACTERISTICS OF SSISS ............................................................................................................................. 92 

6.4 SOFTWARE ARCHITECTURE ............................................................................................................................... 93 

6.4.1 External Libraries ........................................................................................................ 93 

6.4.2 Implemented Modules ............................................................................................... 95 

6.5 EVALUATION OF SSISS ....................................................................................................................................... 96 



 

 

Gergana Lazarova, Sofia, 2015 - 5 -                                                 

6.5.1 Dataset ............................................................................................................................. 96 

6.5.2 Training and test sets................................................................................................. 97 

6.5.3 Monte Carlo Cross-validation ................................................................................. 97 

6.5.4 Experimental Results ................................................................................................. 98 

6.6 CONCLUSION ...................................................................................................................................................... 101 

CONCLUSION ....................................................................................................................................................... 102 

FUTURE WORKS ............................................................................................................................................................ 103 

SCIENTIFIC CONTRIBUTIONS ....................................................................................................................................... 104 

APPLIED CONTRIBUTIONS ........................................................................................................................................... 104 

PUBLICATIONS ............................................................................................................................................................... 105 

WORKSHOPS AND SHORT PAPERS ............................................................................................................................... 105 

CITATIONS ...................................................................................................................................................................... 106 

PARTICIPATION IN PROJECTS ...................................................................................................................................... 106 

DECLARATION ................................................................................................................................................................ 107 

REFERENCES ....................................................................................................................................................... 108 

LIST OF FIGURES ............................................................................................................................................... 118 

LIST OF TABLES ................................................................................................................................................. 119 

 

 

 

 



PhD thesis: Learning from multiple sources of data 

 

 

  - 6 -                                                 

Structure 

The thesis comprises of seven parts. 

Part 1 is an introduction. It states the problem and introduces semi-

supervised multi-view learning. It defines the aim of the thesis, as well as, the 

problems that should be tackled in order to achieve the aim. This part also presents 

the motivation for the thesis.  

Part 2 is an overview of the field of semi-supervised learning. It focuses on 

semi-supervised multi-view learning. It also describes genetic algorithms. 

Part 3 presents a novel approach to semi-supervised multi-view learning - 

the semi-supervised multi-view genetic algorithm. The proposed algorithm is 

compared to its supervised equivalent and experimental results are presented. 

Part 4 introduces a learning system for sentiment analysis in Bulgarian. This 

system is based on the approach proposed in part 3. The development cycle of the 

system is described - the phases of data understanding, data acquisition, data 

translation, feature extraction and modelling. The architecture of the learning 

system concerning the software implementation is described. The performance of 

the system is evaluated and compared to the performance of a supervised one. 

Part 5 presents a new approach to semi-supervised multi-view learning - the 

multi-view teaching algorithm – a modification of the standard co-training algorithm. 

The proposed algorithm is compared to its supervised equivalent and experimental 

results are presented. 

Part 6 introduces an image segmentation system, which uses two sources of 

information. This system is based on the approach proposed in part 5. The 

architecture of the learning system concerning the software implementation is 

described. The performance of the system is evaluated and compared to the 

performance of a supervised one. 

Part 7 is a conclusion. It states the scientific and applied contributions of the 

thesis and lists the publications and citations referred to in this work.  
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1. Introduction 

1.1 Problem Formulation 

The human being is an intelligent agent, who can think and act rationally. A 

person is a complex biological system, comprised of various sensors, physical and 

chemical components. They can feel emotions, express love, happiness and sadness; 

they possess the unique ability to process data and extract useful information from 

it.    

Since World War ІІ, there has been considerable research in the field of 

artificial intelligence. This discipline studies the creation of computer software that 

is capable of intelligent behavior. It strives after better and better autonomous 

agents and learning systems, which are intelligent and can predict future events. 

These agents learn how to cope with everyday problems and how to react to the 

surrounding world. Still, one question remains open - can we create an intelligent 

agent “who” can not only act like a human, but can actually think and has a mind in 

exactly the same sense human beings do [1]?      

Semi-supervised learning [2] is a state-of-the-art discipline of artificial 

intelligence, which is responsible for training an agent when only few labeled 

examples exist. There is not enough past history the agent can learn from. In this 

field, unlabeled instances are also used for training. The aim is to extract relevant 

information from the unlabeled instances, so that a good prediction algorithm can 

be learned. 

When not enough labeled training instances are available, multiple sources of 

information are also explored.  Such data sources will be referred to as views in the 

present work. Each example is represented by a set of characteristics in the various 

views. Semi-supervised multi-view learning uses labeled and unlabeled examples, as 

well as the agreement among multiple views in order to learn a good prediction 

algorithm. 

https://en.wikipedia.org/wiki/Software
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The following dissertation proposes new approaches to semi-supervised 

multi-view learning, which are further applied to two domains – sentiment analysis 

and image segmentation. 

1.2 Motivation 

Why should unlabeled examples and multiple sources be used? 

There are areas of research, where only few labeled examples exist. In such 

areas, labeling an example turns out to be a time-consuming process, requiring extra 

knowledge and skilled expertise in the field. Sometimes the process of classifying a 

new instance is not commercially beneficial or too expensive. Furthermore, there 

might not be trained experts in the field. In such cases, using unlabeled examples 

and multiple sources of information gives us further information, which will be 

useful for building a good machine learning algorithm. 

1.3 Problem Significance and Present Interest  

Since few years ago, this area of research was purely scientific and 

enthusiastic researchers were after the scientific contributions. With the booming 

development of the Internet and natural language processing, data became easier to 

access. Nowadays, the more commercial an application is, the more “important” for 

the society it is. Various systems appeared – most of them are web-sites offering 

different personal services. These newly-released systems suffer from labeled 

instances shortage. However, having only few labeled examples, how are 

preferences of users modeled? How can articles be recommended based on only few 

rated items? How to forecast future performance and results having a small amount 

of existing labeled instances?  

The importance of researching this field lies in the fact that using multiple 

sources of information and unlabeled instances improves the classification accuracy 

of the algorithm. One percent improvement of the prediction can mean one percent 

increase in turnover. 
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Sentiment analysis is a modern discipline, which unites researchers from all 

over the world. There are so many published papers and implemented systems 

based on the English language.  However, there has been little research and little 

labeled data in Bulgarian. Manually labeling examples can take hundreds of hours. 

Furthermore, sentiment analysis is generally subjective - two people alone might 

not agree on the sentiment of the example. This motivated the development of a 

novel learning system for semi-supervised multi-view sentiment analysis in the 

Bulgarian language. Since there are not enough classified examples in Bulgarian, 

which could be used for the training of a good classifier, a semi-supervised method 

was also explored. A second view is also required. As there are so many labeled 

examples in English, the following thesis focuses on using an English view in order 

to reinforce the Bulgarian one. Labeled examples in English are translated into 

Bulgarian by Google translate and unlabeled, i.e native Bulgarian examples, are 

translated into English. 

In natural language processing (NLP) we can extract hundreds of thousands 

of features (curse of dimensionality). In such cases, when multi-view learning is 

applicable, it is reasonable to use multiple simultaneously running learners instead 

of one with too many features. It is especially applicable in algorithms, whose 

learning phase depends on the number of input characteristics (Neural Networks, 

Support Vector Machines). 

Computer vision has been a major research spot for many years, including 

various subdivisions - image acquisition, preprocessing, feature extraction, 

segmentation techniques. It is a valuable discipline of research for the computer 

gaming industry, the movie industry, etc. This dissertation also focuses on this hot 

research area, on semi-supervised multi-view image segmentation in particular. In 

this field, a teacher labels few pixels beforehand and the rest of the pixels are used 

as unlabeled. Two sources of information are explored – the coordinates of the 

pixels and the color features (RGB values) of the pixels.     
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1.4 Thesis Aim  

The aim of this thesis is the development of new approaches to multi-view 

semi-supervised learning. 

1.5 Thesis Objectives  

In order to meet the aim of the thesis, the following objectives are defined: 

 Overview presentation of the field of semi-supervised learning and 

genetic algorithms; 

 development of a new approach to semi-supervised multi-view 

learning. A semi-supervised multi-view genetic algorithm is developed and used for 

error minimization (the common error of multiple views is minimized);  

 evaluation of the semi-supervised multi-view genetic algorithm and 

comparison to a supervised genetic algorithm; 

 application of the semi-supervised multi-view genetic algorithm to a 

semi-supervised sentiment analysis system in Bulgarian (SASBG); 

 development of a distributed software architecture of SASBG, 

which can process big data; 

 evaluation of SASBG;  

 development of a new approach (multi-view teaching algorithm). The 

multi-view teaching algorithm is a modification of the original co-training algorithm, 

in which  one of the learners is weaker than the other;  

 evaluation of the multi-view teaching algorithm and comparison to a 

supervised classifier;  

 application of the multi-view teaching algorithm to a semi-supervised 

image segmentation system - SSISS; 

 development of a software architecture of SSISS; 

 evaluation of SSISS. 
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2. Theoretical Background and Overview 

of Semi-supervised Multi-view Learning  

The following dissertation is in the field of multi-view semi-supervised 

machine learning. The theoretical background includes existing methods of 

supervised and unsupervised algorithms, which are carried out to create such in the 

field of multi-view semi-supervised learning. An overview of genetic algorithms is 

also presented as they are used to create a new approach to semi-supervised multi-

view learning in part 3.  

An expert in a specific domain (a “teacher”) possesses knowledge about the 

field and the ability to classify examples of data. Based on whether an expert has 

classified an instance or not, there are two types of examples: labeled and unlabeled 

ones.     

Definition 1. Label. A label y is the desired prediction on an instance x.  

Definition 2. a labeled example: Let  Y) ,X,...,(X X d1 be a (d+1)-

dimensional vector, corresponding to the features of the instances and the value of 

the classification/regression function.  

Let the set of labeled examples be:  

l

iii yxD 11 )},{(  . 

l is the number of labeled examples. For all xi, the corresponding values of the 

classification/regression function yi have been defined. 

Definition 3. an unlabeled example - Let  )X,...,(X X d1 be a d-dimensional 

vector, corresponding to the features of the instances.  

Let the set of unlabeled examples be: 

ul

ljjxD 

 12 }{ . 
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u is the number of unlabeled examples. For these examples, the 

classification/regression function is unknown; these instances have not been 

classified by an expert in the field. 

2.1 Supervised Learning 

Definition 4. Supervised learning. Let the domain of instances be  , and the 

domain of labels be  . Given a training set of l independently and identically 

distributed examples l

iii yxD 11 )},{(  , supervised learning trains a function 

 :f , f (x) predicts the label y on future data x. 

Depending on the domain of label y, supervised learning problems are 

further divided into classification and regression. 

Definition 5. Classification. Classification is a supervised learning problem 

with discrete classes Y. The function f is called a classifier.  Classification identifies 

the category a new observation belongs to, based on a classifier, which is learned 

from a training set of instances.  

For example, when we want to forecast the day temperature and we are not 

interested in the exact temperature but in the category it belongs to, we have to 

learn a classifier with predefined values for the classification function:  

},,{ highmediumlowY   

Definition 6. Regression. Regression is a supervised learning problem with 

continuous Y. The function f is called a regression function. Regression analysis 

estimates the conditional expectation of Y given the values of the attributes d1 X,...,X .  

Considering the temperature example above, if we want to know the exact 

value of the temperature (for instance: 19.7° C, 15.8° C, etc), a regression function 

has to be learned.   

Definition 7. Root Mean Squared Error (RMSE) 

RMSE measures the differences between the predicted values and the 

observed ones with respect to the average of all examples in the test set. 

https://en.wikipedia.org/wiki/Observation
https://en.wikipedia.org/wiki/Conditional_expectation
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n

xfy

n

xfyxc

RMSE

n

i

ii

n

i

iii 




 1

2

1

))(())(,,(

 
(2.1) 

Definition 8. Loss function. A loss function ),0[))(,,( xfyxc  measures 

the amount of loss of the prediction. It quantifies the amount by which the 

prediction deviates from the actual values.  

Definition 9. Risk. The risk associated with f is defined as the expectation of 

the loss function: ))](,,([)( xfyxcEfR  . 

Definition 10. Emperical Risk - in general, the risk R(f) cannot be computed 

because the distribution P(x, y) is unknown to the learning algorithm. However, we 

can compute an approximation to it, called empirical risk. The empirical risk of a 

function is the average loss of f on a labeled training set.  





l

i

iiiemp xfyxc
l

fR
1

))(,,(
1

)(  
(2.2) 

Definition 11. Regularization in the field of machine learning refers to a 

process of introducing additional information in order to prevent overfitting.    

Definition 12. Regularized Risk. A regularizer Ω(f) is a non-negative function, 

a penalty term, which has a non-negative real-valued output. If f is “smooth”, Ω(f) 

will be close to zero. If f is too zigzagged and overfits the training data, Ω(f) will be 

large. We can define the regularized risk as the sum of the emperical risk and a 

regularizer: 

)()()( ffRfErr emp    (2.3) 

The concept of regularization was first introduced by Tinkhov [58] for model 

selection. The best model is defined by a set of parameters that optimize an 

objective function of the form presented in (2.3). 

Usually, the following regularizers are used (w is the model's weight vector): 

 L2 norm: 


















d

s

s

d

s

s wwwf
1

2

2

1

22

2||||)(  (in ridge regression [36]); 

http://en.wikipedia.org/wiki/Risk_%28statistics%29
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 L1 norm: 



d

s

swwf
1

1||||)( (lasso method [37]) 

2.1.1 Naive Bayes Classifier   

The naïve Bayes classifier [66, 92] is a simple probabilistic supervised 

classifier. It makes use of the Bayes' formula:  

)()|,..,(),..,(),..,|( 111 jjmmmj yPyaaPaaPaayP    

),..,(

)()|,..,(
),..,|(

1

1

1

m

jjm

mj
aaP

yPyaaP
aayP   

(2.4) 

In order to classify new examples the naive Bayes classifier chooses the 

hypothesis that is most probable (maximum a posteriori). For each yi, we calculate 

),..,|( 1 mj aayP and return the most probable classification. 

 Because the maximum does not depend on ),..,( 1 maaP : 

)()|,..,(maxarg
),..,(

)()|,..,(
maxarg 1

1

1

jjmy

m

jjm

y yPyaaP
aaP

yPyaaP

jj
  

(2.5) 

The corresponding classifier is the function f* defined as: 

)|,..,()(maxarg* 1 jmjy yaaPyPf
j

  (2.6) 

The naïve Bayes classifier relies on the preposition that the attributes are 

conditionally independent given the class. Independence:  

)|()|,..,(
1

1 jk

m

k

jm yaPyaaP 


  
(2.7) 

)|()(maxarg*
1

jk

m

k

jy yaPyPf
j 



  
(2.8) 

To calculate )|( jk yaP  : 

- when the attribute Ak has discrete values, we can compute the proportion of 

examples for which the value of attribute Ak is ak . 

j

jkk

jk
yYexamples

yYandaAexamples
yaP






:#

:#
)|(  

(2.9) 

http://www.wikipedia.org/wiki/Classifier_%28mathematics%29
http://en.wikipedia.org/wiki/Maximum_a_posteriori
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- when the attribute Ak is real-valued, in order to calculate )|( jk yaP , we can 

assume the attribute Ak is normally distributed . 

2

2

2 2

)(

2

1
),,()|(

y

yk

y

yykjk

a
eaNyaP









  

(2.10) 

The naïve Bayes classifier is fast and it does not require complex 

computations like reversed matrices and iterative procedures. It is a popular 

method for text classification [48] and has been applied to spam filtering [18].  

2.1.2 Bayes Classifier, based on Multivariate Normal 

Distribution 

The multivariate normal distribution is often used to describe any set of 

correlated real-valued random variables each of which clusters around a mean 

value. Let the parameter of the model be ),,(   : 

 π - prior class probability. Originally, for each class j, it is the 

proportion of instances with this classification. 

 µ - mean vector.  

 ∑ - covariance matrix.  

When the examples in the dataset are independent and identically 

distributed: 

),|()|()|,()|(
11

 ii

l

i

i

l

i

ii yxPyPyxPDP 


  
(2.11) 

In order to find the local maximum and the parameter θ, we set the 

derivative of )|( DP to 0 and find ),,(   :  

l

l j

j   
(2.12) 





jyi

i

j

j

i

x
l :

1
  

(2.13) 

http://en.wikipedia.org/wiki/Random_variable
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T

jij

jyi

i

j

j xx
l

i

))((
1

:

  


 
(2.14) 

lj is the number of examples having classification yj and l is the number of all 

labeled examples. 

This is a Bayesian classifier and to classify a new example xi, the value of 

),|( ii xyP  should be calculated for each class yi. The prediction of xi is the yi for 

which the probability ),|( ii xyP  is maximal (maximum a posteriori).   

)(

),,()(

)(

),|()(
),|(

i

yyii

i

iii
ii

xP

xNyP

xP

yxPyP
xyP





  

(2.15) 

This classifier differs from the naïve Bayes classifier in not assuming that the 

attributes are conditionally independent given the class, but using a multivariate 

normal distribution instead: 

),,(),|( yyiii xNyxP    (2.16) 

2

)()(

||)2(

1
),,(

1

2

1

2

yy

T

y

Dyy

xx
e

y

xN













 

(2.17) 

The multivariate normal distribution is data dependent. When calculating the 

covariance matrices from a dataset, their ranks may not be full. This is the so-called 

degenerate case. The simplest solution is to “smooth” the covariance matrix by 

adding a weighted identity matrix to make it a full rank one. Alternatively, we can 

perform a dimensionality-reduction procedure (for example Principal Component 

Analysis – PCA [19]) to make sure each cluster has a full rank covariance matrix.  

Both the naïve Bayes classifier and the supervised classifier based on 

multivariate normal distribution are used and evaluated in the proposed semi-

supervised multi-view segmentation learning system. 

2.1.3 Support Vector Machines 

A support vector machine (SVM) constructs a hyperplane in a high 

dimensional space, which can be used for classification or regression. A good 

separation is achieved by the hyperplane that has the largest distance to the nearest 

http://en.wikipedia.org/wiki/Maximum_a_posteriori
https://en.wikipedia.org/wiki/Hyperplane
https://en.wikipedia.org/wiki/High-dimensional_space
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training data point of any class. For example, in Fig. 1 below, 4 is a better separator 

than 1, 2 or 3 because it will be more likely to classify correctly new examples that 

are close to the current decision boundary. 

 

 

Fig. 1 Decision boundary - 1,2,3 and 4 

 

Let }1,1{ y  and bxwxf T )(  

Definition 13. A decision boundary is defined by the set:  

}0|{ bxwx T  (2.18) 

The prediction of the label of x depends on the sign(f(x)).  

Definition 14. The absolute value of the distance from an instance x to the 

decision boundary is:  

w

xf )(
 

(2.19) 

Definition 15. Signed distance of a labeled instance to the decision boundary:  
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w

xyf )(
 

(2.20) 

Let’s assume that the training data is linearly separable, there is at least one 

linear decision boundary that can separate all labeled examples so that they are on 

the correct side of the boundary. Then, the signed distance is positive when: 

 a positive instance is on the positive side 

 a negative instance is on the negative side.  

We want to find the decision boundary that is as far from the closest element 

and maximizes: 

w

xfy ii
l

i
bw

)(
minmax

1
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(2.21) 

From all points, the closest one is situated at “minimum” distance to the 

decision boundary and we need a decision boundary that is as far as possible from 

the closest point. (2.21) is equivalent to minimizing: 

libxwytosubject
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min 2

,


 

(2.22) 

Definition 16. Hinge loss function: 

)0),(1max())(,,( bxwyxfyxc i

T

i   (2.23) 

In order to broader the number of problems we can learn with SVM (we want 

to learn even linearly non-separable problems), let’s relax this assumption and 

allow 1)( ii xfy  for some labeled examples. Then, the problem changes to find the 

minimum of:  

2

1

, )0),(1max(min wbxwy
l

i

i

T

ibw 


 
(2.24) 

The hinge loss penalizes examples that are on the right side of the boundary, 

but 1)(0  xyf . It further penalizes instances that are on the wrong side of the 

boundary and 0)( xyf . 
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2.2 Unsupervised Learning 

Clustering [20] is the process of dividing objects into groups. A cluster 

comprises of elements, which are similar to one another. The elements of one 

cluster are expected to differ widely from the elements of another cluster.  

A human learns to differentiate between multiple categories - dogs, cats, food, 

etc. at a very young age.  Similarly, an autonomous agent performing unsupervised 

learning should be able to cluster objects, based on their features and similarities. 

2.2.1 kMeans 

kMeans [20, 66] is a clustering algorithm. It divides the data into k predefined 

clusters. Beforehand, a person should decide on the number of clusters included.  

kMeans creates new objects - centroids cj, which are representative of the 

clusters.  

At first the algorithm chooses randomly k existing objects and defines them 

as centroids - one centroid for each cluster. For each of the remaining objects it 

calculates the distance to the k centroids. An object is assigned to the cluster, whose 

centroid is closest. After that, the values of the centroids should be refreshed. Cj 

stands for cluster j and cj is the centroid of Cj. 

|| Cj

x

c
Cjx

ij

j

ij




  
(2.25) 

The process is an iterative procedure, which finishes when:  


 


k

i Cip

jcpdeps
1

2 ),(  
(2.26) 

 or a predefined value - maximum number of iterations is reached. d(p,cj) is a 

distance function and measures how far an element p is from the centroid cj. 

2.2.2 Expectation-Maximization Algorithm 

The Expectation-Maximization algorithm (EM-algorithm) [88] is an iterative 

procedure, an unsupervised algorithm, which finds local maxima of )|log( D  or  
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)log()|log(  D using the maximum likelihood method. The global maximum in 

the probability space is not guaranteed. As a result, the elements in the training set 

D are clustered in “internally inferred groups” or the so-called clusters. 

1. Initialization: t = 0  

l

iixD 1}{   

},,{
)0()0()0()0(
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(2.27) 
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lj is the initial number of labeled examples, whose label is j. The EM-

algorithm performs two steps: an Expectation step - expectation of cluster 

probabilities (which are the “expected” class values) and a Maximization step - 

maximization of the likelihood of the distributions, given the data. 

2. While  )|( tDP    does not change significantly 

 Expectation step (E-step): given the current estimate of the 

parameters θt, find the conditional distribution of Yi. Probabilistically 

re-label the examples based on 
t ; 
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(2.30) 

 Maximization step (M-step): re-estimate the new parameter 1t .  
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(2.31) 
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(2.33) 

2.3 Semi-supervised Learning 

Recently, there has been significant interest in semi-supervised learning [2, 

15, 78]. It requires less human effort and makes use of unlabeled instances. Semi-

supervised learning falls between unsupervised learning and supervised learning. 

An expert in the field has already labeled a small amount of instances (D1). 

Unlabeled instances (D2) are also used and added to the pool of training examples. 

The final training data contains the examples of D1 and D2 ( 21 DDD  ) 

Let the number of labeled examples be l and the number of the unlabeled 

examples - u. ul

ljj

l

iii xDyxDDDD 

  121121 }{,)},{(, .  

There are two types of semi-supervised learning: inductive and trunsductive 

semi-supervised learning. 

Definition 8. Inductive semi-supervised learning. Given a training set of 

examples D, inductive semi-supervised learning learns a function  :f  so that f 

is expected to be a good prediction algorithm for future data, beyond ul

ljjxD 

 12 }{ . 

Definition 9. Transductive semi-supervised learning. Given a training set of 

examples D, transductive semi-supervised learning trains a function 
ululf  :  

so that f is expected to be a good prediction algorithm only for the unlabeled 

examples 
ul

ljjxD 

 12 }{ . 

f does not make predictions outside the set of unlabeled examples.  

http://en.wikipedia.org/wiki/Unsupervised_learning
http://en.wikipedia.org/wiki/Supervised_learning
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2.3.1 Self-Training 

Self-training [14, 89] refers to a classifier whose learning phase uses its own 

predictions to teach itself. At first, only the labeled instances are used for the 

learning of the classifier (supervised learning, based on D1). After that, this classifier 

predicts the labels of the unclassified instances (D2). A portion of the newly labeled 

examples (former unlabeled) augments the set of labeled examples and the 

classifier is retrained. Once again, new predictions are assigned to the remaining 

unlabeled instances. It is an iterative procedure, which finishes either when some 

maximum number of iterations is reached, or some other convergent condition 

becomes true.  

A modification of the algorithm at each step augments the set of labeled 

examples only with the most credible ones, predicted to be the most probable ones 

by the classifier, not only a random portion of the newly-classified examples. 

 

void Self Training() 

{ 

labeled = D1;  // Initialization 

while (stop criterion is false) 

{ 

//  supervised learning based on “labeled” 

 L1 = learnSupervised(labeled);  

// label all unlabeled examples and return a subset  

of the ones the classifier is most confident about. 

 mostConfident = L1(D2);  

 D2 -=  mostConfident; 

labeled += mostConfident; 

} 

} 
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Self-training Assumption 

The assumption of self-training is that its own predictions, at least the most 

reliable ones, tend to be correct. If the original classifier is too weak (L1), we cannot 

expect considerable improvement in the accuracy. Therefore, the originally learned 

classifier should be a decent one.  

2.3.2 Cluster-then-label 

"Cluster-then-label" [15] is a semi-supervised algorithm, which uses labeled 

and unlabeled examples, applies both unsupervised and supervised techniques in 

order to find the classifications of the unlabeled examples. It first clusters the 

instances (labeled and unlabeled) into k groups, performing unsupervised 

clustering algorithm. After that, for each cluster Cj - based on the labeled examples 

in it, a supervised algorithm is learned and used to classify the unlabeled examples, 

which belong to Cj. If there are no labeled examples in a cluster, the algorithm uses 

all labeled instances to learn the classification/regression function.  

void clusterThenLabel() 

{ 

// cluster all examples (in K clusters) 

clusterK(D);  

Sj = labeledInCluster(j); 

for (int j = 0; j < K; j++) 

{ 

  // If Sj contains no labeled examples 

 if(containsNoLabeled(Sj)) 

 {  

// use all labeled data. 

  fj = learn(D1);   

 } 

 else 

 { 

// use the labeled examples in Sj to learn fj. 

  fj = learn(Sj);    
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} 

//classify the unlabeled examples in Sj, based on fj 

 predict(Sj, fj);  

} 

} 

2.3.3 Semi-supervised Expectation-Maximization algorithm 

The semi-supervised EM-algorithm is a modification of the EM-algorithm. It 

is an iterative procedure and the likelihood is maximized using labeled and 

unlabeled examples [2].  

1. Initialization: t = 0. Based on the labeled examples, we find )0(  
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2. While  )|( tDP    does not change significantly – compared to )|( 1tDP   in 

the previous step. 

 Е-STEP - find the hidden distribution ),|( 12

tDDP    

o for the unlabeled instances in D2 ( as in the unsupervised EM): 
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o for the labeled instances D1: 
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(2.38) 
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 М-STEP – find 1t , using ij  
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Kamal Nigam, Andrew McCallum and Tom Mitchell [16] perform semi-

supervised text classification using the EM-algorithm. They further demonstrate 

that deterministic annealing [16], a variant of EM, can overcome the problem of 

local maxima and increase the classification accuracy. 

2.3.4 Semi-supervised Support Vector Machines 

A semi-supervised support vector machine - SSSVM [85, 86, 100] uses both 

labeled and unlabeled examples. Since labeled examples do not have labels, we do 

not  know on which side of the boundary they are.  

Let’s define the function y` as: 

))((` xfsigny   (2.43) 

Definition 15.  Hat loss function:  

))0,1max()0),`(1max())(`,,( bxwbxwyxfyxc i

T

i

T   (2.44) 

Thus, an unlabeled instance x is always on the correct side of the decision 

boundary. It prefers examples for which 1)(1)(  xforxf . These are the examples 

that are far from the boundary. The hat loss penalizes examples for which: 

1)(1  xf . 

We now incorporate the hat loss on the unlabeled data ul

ljjxD 

 12 }{ . 
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Regularizer:  
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Finally, we have to find the following minimum: 
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(2.46) 

When the optimization is over, the algorithm has learned the parameter b 

and the vector w. It corresponds to the decision boundary. Based on this boundary 

we predict the labels of future examples.  

2.3.5 Graph-based Semi-supervised Learning 

Graph-based semi-supervised learning [44, 79, 84] constructs a graph from 

the training examples. The nodes of the graph are data points (labeled and 

unlabeled) and the edges represent similarities between points.  

Graph elements: 

 nodes (vertices) – all examples in the dataset: 

ul

ljj

l

iii

xD

yxD











12

11

}{

)},{(
 

 edges – an edge represents the similarity between two vertices, a 

missing edge corresponds to infinite distance. 

Known labels are used to propagate information through the graph in order 

to label all nodes. In Fig. 2 the green and the black vertices are labeled examples 

(two classes). We should assign y values to the white vertices (unlabeled examples). 

Edges are constructed, connecting neighboring vertices.  
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- Labeled examples: green and black color 

- Unlabeled examples: white color

Fig. 2 A semi-supervised graph 

 

An edge between two vertices represents the similarity (wij) between them. 

The closer two vertices are, the higher the value of wij is.  

Euclidean distance: 

2
)( 

s

jsisji xxxx  
(2.47) 

The Gaussian function is used for the weights. It is also called a Gaussian 

kernel or a Radial Basis Function (RBF) kernel. 
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(2.49) 

Mincut algorithm 

Mincut [38, 96] is a graph cut problem. The objective is to find a minimum set 

of edges whose removal blocks the whole flow from one of the classes to the other 

class. This defines a “cut,” or a partition of the graph into two sets of vertices, each 

corresponding to one of the classes.  

Let }1,1{)( xf  and ii yxf )( for the labeled instances.  

The cut size should be minimized:   


 )()(:, ji xfxfji

ijw  
(2.50) 
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If an edge wij is removed, the two vertices are too far away and the distance 

between them is high. As we have only two possible class values for f(x), we remove 

an edge if )()( ji xfxf  . 

Loss function:    

2))(())(,,( xfyxfyxc   (2.51) 










otherwise
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xfyxc

)(0
))(,,(  

(2.52) 

Regularizer:   
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 If xi and xj are not connected, then wij = 0  

 If the edge exists and is not cut, then 0)()(  ji xfxf  

So, we have to find the following minimum: 
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Mincut is a transductive learning algorithm. It learns a function f that is 

restricted to the labeled and unlabeled vertices in the graph. If an example is not in 

the training set, we cannot predict its label, unless we insert it as a new vertex and 

repeat the procedure.  

Harmonic function 

Definition 16. A harmonic function is a function that can be defined as: 
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(2.55) 

 

For the labeled examples the value of the harmonic function is the 

classification of the instances. For the unlabeled examples it is the estimated 
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weighted average of the other points and depends on the weights wjk. Therefore, the 

value of each unlabeled vertex is the weighted average of its neighbors’ values. 

Let’s relax f to have real values. We have to find the following minimum: 
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which is equivalent to: 

liyxftosubject

xfxfw

ii

ul

ji

jiijRxff

,...,1,)(:

))()((min
1,

2

)(:









 

(2.57) 

Computing the harmonic function 

1. Initialization  

For the labeled vertices li ,...,1  set: ii yxf )(  

For the unlabeled vertices, set some randomly generated values.  

2. Do 

      Update each unlabeled vertex’s f value based on its neighbors: 
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This iterative procedure is guaranteed to converge to the harmonic function, 

regardless of the initial values of the unlabeled vertices. It is also called label 

propagation, it “propagates” labels from the labeled vertices through the edges to all 

the unlabeled vertices. 

2.4 Semi-supervised Multi-view Learning 

2.4.1 Multiple Sources of Information 

In our world, a single object can have multiple representations, i.e. 

projections on different sources of information. We will call these sources - views. 

Generating different views corresponds to partitioning a set of attributes into 
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multiple views. It decomposes the original set of features into multiple disjoint 

subsets. Different examples of data sources can be seen in Fig. 3. For instance, a 

movie can have the following two sources of information: a video and an audio 

representation.    

 

Fig. 3 Examples of multiple sources of data 

 

Since 1998, when Blum and Mitchell [3] published the core co-training 

algorithm, there has been a booming development of algorithms and applications in 

this field. Blum and Mitchell classified web pages (WebKB course dataset) in which 

the description of each example can be partitioned into two distinct views:  

 the words occurring on the web page 

 the words occurring in hyperlinks which point to that page  

Kamal Nigam and Rayid Ghani [4, 98] also explore the WebKB dataset and 

analyze the effectiveness and applicability of the co-training algorithm. The same 

dataset has been further explored by Vikas Sindhwani, Partha Niyogi and Mikhail 

Belkin [5, 72], who propose a co-regularization approach to semi-supervised 

learning. 
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Languages like Chinese suffer from insufficiency of labeled examples.  

Xiaojun Wan [6, 74] uses a co-training bilingual approach for improving the 

prediction on Chinese movie reviews. Each review has:  

 an English view  

 a Chinese view 

Besides these applications in the field of natural language processing, co-

training has also been applied in computer vision. To identify cars Anat Levin, Paul 

Viola, and Yoav Freund [7] use the following two views:  

 grey-level of an image  

 background-subtracted images  

Co-training has also been applied for “co-tracking” [8] – with the following 

two views:  

 histogram of oriented gradients (HOG); 

 color histogram. 

Cheng and Wang [9] propose a new SVM algorithm – “Co-SVM”, which uses a 

co-training approach and achieves better results than a normal SVM on classifying 

images using color and texture as separate views.  

Sonal Gupta, Joohyun Kim, Kristen Grauman and Raymond Mooney [10] 

show how to learn about human activities based on both: 

 visual content (videos and images); 

 spoken commentary (associated text).  

C. Christoudias, R. Urtasun, and T. Darrell [54, 55] defined a view 

disagreement problem. Noise in the views can influence the performance of the 

multi-view learning algorithms. The examples of each view do not always belong to 

the same class. They sometimes belong to an additional background class because of 

noise. In their work they identify a speaker in a video, using the following views:  

 an audio view;  

 a video view. 
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A simple way to convert from a single view to multiple views is to split the 

original attributes into different views at random. Following this idea, Brefeld and 

Scheffer [11] present a co-EM version of the Support Vector Machine without an 

explicit multi-view representation. However, dividing the feature set into multiple 

views in a way that adheres to multi-view learning is not a simple task, and is 

dependent on both the learner and the data domain. 

2.4.2 Principles of Multi-view Learning 

Why should two classifiers be learnt and not just one, based on the 

concatenate features of the different views? When is multi-view learning effective? 

On a small training set, the concatenation of features causes overfitting. Semi-

supervised multi-view learning penalizes functions which overfit the training data. 

In statistics, this process is also known as regularization and is especially applicable 

when we have a small amount of labeled instances. Additional regularization terms, 

which rely on multiple sources of information, are added to the error of the learner.  

In order semi-supervised multi-view learning to be effective, the following 

principles [13] should hold:  

- Consensus Principle 

Multi-view learning depends on multiple hypotheses, each of which is 

learned based on a different source of information, and the agreement among them 

plays a major role during the learning phase. By minimizing the disagreement rate 

of the multiple models, the error rate of each hypothesis is minimized [12]. 

- Complementary Principle 

The complementary principle states that each source of information should 

contain some knowledge that other sources do not offer. This complementary 

information, provided by the underlying multiple views, can be exploited to improve 

the learning performance. 

2.4.3 Problem Formulation 

In semi-supervised learning there are : 
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 labeled examples: l

iii yxD 11 )},{(   

 unlabeled examples: ul

ljjxD 

 12 }{  

21 DDD   

In semi-supervised multi-view learning each example ),...,( )()1( kxxx   has 

multiple views: )()()1()1( ,..., kk XxXx  . Each view consists of characteristics of the 

object, projected onto its data source. We learn a separate classifier on each view 

and the process of prediction is a combination of multiple learners. 

Definition 17: Semi-supervised multi-view classification: the goal is to learn a 

tuple ),...,(
)()1(

1

k

kfff   based on D: 

},...,1{:

...

},...,1{:

)()(

)1()1(

kXf

kXf

kk 



 

Definition 18: Semi-supervised multi-view regression: the goal is to learn a 

tuple ),...,(
)()1(

1

k

kfff   based on D: 

RXf

RXf

kk 



)()(
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:

 

In order to classify new instances, we have to combine 
)()1(

1 ,...,
k

kff so that a 

final prediction is made.  

It is important to note that unlike other ensemble methods [70], semi-

supervised multi-view learning [71, 73, 76, 87] does not 

learn
)()1(

1 ,...,
k

kff independently. Usually, they teach each other in the process of 

learning or a common loss is optimized so that the final prediction based on all 

views is minimized (Fig. 4).  
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Fig. 4 Semi-supervised multi-view learning 

2.4.4 Co-training 

The original co-training algorithm [3, 75, 77, 97, 99] was proposed by Blum 

and Mitchell. They used the algorithm for faculty web-page classification. The first 

view contains the words on the web-pages and the second – the links that point to 

the web pages. Out of the 1051 web pages only 12 labeled examples were used and 

an error rate of 5% was achieved.  

Since 1998, when the algorithm was published, there has been considerable 

interest in the whole field of semi-supervised multi-view learning. This algorithm 

inspired the scientific society and has been cited more than 3650 times. It proved to 

be useful and has been applied in many areas – not only for web page classification, 

but also for “co-tracking” [8] for identifying cars [7], e-mail classification [69] and 

statistical parsing [46].  

The scientific contributions referring to this algorithm are numerous. 

Shipeng Yu, Balaji Krishnapuram, Romer Rosales, Harald Steck, Bharat Rao [40] 

developed a Bayesian undirected graphical model for co-training and a novel co-
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training kernel for Gaussian process classifiers. Bickel and Scheffer [41] further 

developed the co-training algorithm for data clustering. Wang and Zhou [42] studied 

why the co-training algorithm can succeed when there are no redundant views. 

Co-training uses two classifiers (L1 and L2). Let U1 and U2 correspond to 

view1 and view2 of the examples in the training set but only those that have labels. 

The algorithm augments the set of labeled examples of each classifier, based on the 

other learner's predictions. Both classifiers are expected to agree on new example 

labels. 

Co-training has proven to be successful in many areas where a natural split 

in more than one view exists. It outperforms a single standard learner when the 

following criteria are met [3]: 

Co-training Assumptions 

(1)   Each view (set of features) is sufficient for classification; 

(2) The two views (feature sets of each instance) are conditionally 

independent given the class (2.58).    

)|(),|( 121 YXPXYXP   

)|(),|( 222 YXPXYXP   (2.58) 

Practically, it is very uncommon to see such uncorrelated views. Even the 

words in the web-page example above do not fully follow the rule. It is not often 

possible to find a natural split, division of the attributes, and it depends on the data. 

Even when this condition does not fully hold, co-training proves to be effective.  

Original Algorithm: 

1. Learn L1 using U1 

Learn L2 using U2 

 Probabilistically label all unlabeled examples using L1. Add L1’s most  

  confident examples to U2 

 Probabilistically label all unlabeled examples using L2. Add L2’s most  

  confident examples to U1 
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2. Go to 1 until there are no more unlabeled examples or some other stop 

criterion is met – maximum number of iteration, etc. 

 

The co-training algorithm is a multi-view version of the self-training 

algorithm, which uses its most credible predictions on unlabeled instances to teach 

itself. The difference lies in the fact that two classifiers are used. These classifiers 

operate on different views of an example and they teach each other. 

Combining the views  

Blum and Mitchell proposed a simple framework where the final class 

probability of a new example is the multiplication of the two views' probabilities 

(2.59):    

)|()|()|( )2(

2

)1(

1 ii
xyPxyPxyP jjij   (2.59) 

2.4.5 Co-EM Algorithm 

This algorithm was originally proposed by Nigam & Ghani [4]. It is a hybrid 

algorithm and an iterative procedure. Like co-training, co-EM trains two classifiers 

(one EM-algorithm for each view). Like the EM-algorithm, it assigns probabilistic 

values to unobserved class labels and updates the model parameters.   

Let f1 and f2 correspond to the classifiers we want to learn in view1 and view2 

respectively. Initially f1 is learned based on a Naive Bayes classifier from the labeled 

examples (supervised learning). Then, f1 probabilistically labels all the unlabeled 

data. We train f2 using the labeled data and the unlabeled data with f1’s labels. f2 

then re-labels the instances so that f1 can use them again. Co-EM converges as 

quickly as EM does.  

2.4.6 Multi-View Learning, based on error minimization 

Each view consists of characteristics of the object, projected onto its data 

source. Let each instance x consist of multiple views:  

),...,( )()1( kxxx  . 

http://www.gabormelli.com/RKB/2000_AnalyzingTheEffectivAndApplOfCoTraining


PhD thesis: Learning from multiple sources of data 

 

 

  - 38 -                                                 

Let kff ,..,1 be the regression functions, corresponding to the views 

)()1( ,..., kxx . The goal is to find such a combination of learners 
**

1 ,.., kff  so that they 

can agree with one another and the final combined loss function is minimal. Multiple 

hypotheses are trained from the same labeled data set, and they are required to 

make similar predictions on the unlabeled instances. 

Multi-view Learning Assumption: 

Multiple hypotheses kff ,..,1  should agree with one another. Furthermore, 

the agreeing hypotheses should have small regularized empirical risk. 

Regularization 

In semi-supervised learning we can define Ω( f )  as the sum of the supervised 

regularizer and the disagreement between the learners on the unlabeled instances, 

multiplied by 
2 .  

)()()( 2 fff SSLSL    (2.60) 
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Minimizing the regularized risk.  

In the semi-supervised multi-view learning framework, where we have k 

regression functions, we can define Err (f1,… fk) as the sum of the regularized risk of 

each fj on viewj, based on the labeled examples of D1, plus the disagreement between 

the pairs fu, fv , based on the unlabeled examples of D2. 

The common error of the k learners is defined as: 
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(2.62) 

Let 
**

1 ,.., kff  be the learners for which Err (f1,… fk) is minimal: 

),..,(minarg,.., 1,..,

**

1
1

kffk ffErrff
k

  
(2.63) 
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Prediction  

The final prediction of a new example is done based on the errors of the k 

views. For classification problems: 





k

i

Yy xfyxcxf
i

1

* ))(,,(minarg)(  
(2.64) 

For each potential class we sum the errors of the multiple learners – 

**

1 ,.., kff and return the classification for which the sum is minimal. 

For regression problems we can sum the predictions of all classifiers and 

divide by their number - k.  
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(2.65) 

2.4.7 Graph-based Semi-supervised Multi-View Learning 

Haibo Li, Yutaka Matsuo, and Mitsuru Ishizuka [59, 60] propose a multi-view 

semi-supervised learning algorithm, the Co-Label propagation algorithm, which 

combines information from two sources of information. In the propagation process 

[61], the label scores of classes are spread between the two views. The proposed 

algorithm is evaluated using semantic relation classification tasks (recognizing a 

particular relationship between two or more entities in documents).  

The Co-Label propagation algorithm constructs three graphs: graphs GA and 

GB represent the similarities among data points in each view respectively, and the 

interview graph GAB - a bipartite graph which describes the correlation between 

data points of two different views.  

The intra-view similarity matrices TA, TB are nxn and sxs similarity matrices 

constructed from views A and B. WAB and WBA are an nxs matrix and an sxn matrix, 

defined as the correlation matrices between the two views. The inter-view 

correlation matrices TAB, TBA (normalized) are defined as:  
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1. Propagate each view - at first, every node in each view receives a contribution 

from the linked nodes in the same view.  

A

t

AA

t YTY  `1  

B

t

BB

t YTY  `1   

Both labeled and unlabeled nodes are used to create a fully connected intra-

view graph in each view. The edge between node i, j is weighted with a Gaussian 

kernel.  

2

2
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  (2.66) 

2. Propagate between different views - the second step is to spread label scores 

among different views. 

B

t

ABA

t YTY  ``1  (2.67) 

A

t

BAB

t YTY  ``1  (2.68) 

3. Combine the label score 

``` 111

A

t

A

t

A

t YYY    (2.69) 
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``` 111

B

t

B

t

B

t YYY    (2.70) 

Jingrui He, Rick Lawrence [62] introduce multi-task multi-view learning with 

both feature heterogeneity and task heterogeneity. They propose a graph-based 

framework. Within each task, they construct a bipartite graph for each view, 

modeling the relationship between the examples and the features in the view. The 

consistency among different views is obtained by requiring them to produce the 

same classification function.  

2.4.8 Multi-View Semi-supervised Support Vector Machines 

SVM-2K is a combination of multi-view learning and SVMs which combines 

the maximum margin and multi-view regularization principles in order to improve 

the classification performance [63].  

Following the manifold regularization [90] approach (exploiting unlabeled 

examples), Laplacian Support Vector Machines (LapSVMs) have been proposed for 

semi-supervised classification [64]. Shiliang Sun [65] explores the two-view 

scenario and uses Laplacian SVMs for image-text classification. 

2.4.9 Co-regularized Least Squares 

Co-regularized least squares [35] (CoRLS) algorithm is a semi-supervised 

version of regularized least squares (RLS). The algorithm was first discussed by 

Vikas Sindhwani, Partha Niyogi, and Mikhail Belkin [39, 82]. 

Co-regularized least squares use the multi-view approach. The CoRLS 

algorithm based on labeled and unlabeled examples solves the following 

minimization problem: 
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(2.71) 
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According to the representer theorem [43], the minimizer is a linear 

combination of kernel functions centered on the data. Therefore, the pair of 

functions have the form: 

)),(),,(())(),((
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(2.72) 

The (l + u)-dimensional coefficients α and β can be computed by solving a 
linear system. 

2.5 Genetic Algorithms 

Darwin’s theory of natural selection [24] revolutionized nineteenth century 

natural science by revealing that all plants and animals had slowly evolved from 

earlier live forms [25]. Biology has been the impetus for the development of a highly 

efficient method for computer optimization – genetic algorithms. Since 1970, when 

John Holland introduced the concept of genetic algorithms, the discipline has evolved 

to become one of the most prominent areas in artificial intelligence. The aim is to 

program such an intelligent program that mimics the biological processes, which 

occur in nature. The term intelligence refers to the ability to adapt to the changing 

world – the organism improves and develops new skills, which are necessary for 

survival.     

Genetic algorithms [49, 51] are based on natural evolution and use heuristic 

search techniques to find decent solutions. In a genetic algorithm, a population of 

candidate solutions (individuals) is evolved towards better solutions, successively 

improving a generation of candidate solutions to a given problem, using as a criterion 

how fit or adept they are at solving the problem. Each candidate solution has a set of 

features, which can be mutated and altered. The population of individuals is 

evolving, new individuals arise after crossover of the best fitted so far. New children 

are born and they replace the worst members of the population [26]. 

http://en.wikipedia.org/wiki/Population
http://en.wikipedia.org/wiki/Candidate_solution
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2.5.1 Individuals 

All living organisms (individuals) consist of cells, or basic structural units. 

Each cell contains the same set of one or more chromosomes—strings of DNA. These 

chromosomes are the features which define the characteristics of the object. In 

genetic algorithms, chromosomes are often encoded as bit strings - either single bits 

or short blocks of adjacent bits that represent a particular element of the candidate 

solution.  

2.5.2 Fitness Function 

The fitness of an organism is defined as the likelihood for the organism to 

live and reproduce or as a function of the number of offspring the organism has 

(fertility). A fitness function measures how close a given design solution is to 

achieving set aims. A better fitted individual has a higher fitness function and will 

contribute the most offspring to the next generation.  

Function optimization is a common application of genetic algorithms.  

),...,(max 1,..,1 naa aaf
n

 

We can use the parameters a1, .., an to form an individual of the form: 

a1 a2 … an 

The goal is to find such a set of values that would maximize or minimize the 

multi-parameter function. Therefore, in the example above, the fitter the individual, 

the higher the value of ),...,( 1 naaf . 

2.5.3 Selection 

This operator selects chromosomes out of the population for reproduction. 

The fitter the chromosome (based on the fitness function), the more times it is likely 

to be selected to reproduce. Therefore, individuals with high fitness function will 

survive, evolve and produce offspring. 
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2.5.4 Crossover 

Crossover of two individuals is the process of reproduction. We strive after 

population perfection, individuals which are as fitted to their world as possible. 

Consequently, spreading genes with high fitness is important. Only individuals 

chosen after the selection process are used for crossover. 

There are various existing types of crossover: 

 One-point crossover (Fig. 5): a random position is selected. The first 

child inherits the first part of parent 1 and the second part of parent 2. 

Consequently, the second offspring gets the second part of parent 1 

and the first part of parent 2. 

 

Fig. 5 One-point Crossover 

 Multiple-point crossover (Fig. 6) – as in the explained above one-point 

crossover, but multiple crossover points are selected and everything 

in between the multiple points is swapped between the children. 

 

Fig. 6 Multiple-point Crossover 

 Uniform crossover – there is  ½ probability that newborn children will 

have 50% of the genes of each parent with randomly chosen 

crossover points. At each gene position, a random decision on 

whether the gene goes to the first child or the second is made.  

2.5.5 Mutation 

In genetics, a mutation is a change of the genome of an organism. A small part 

of the chromosome is altered.  

http://en.wikipedia.org/wiki/Genetics
http://en.wikipedia.org/wiki/Genome
http://en.wikipedia.org/wiki/Organism
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Since genetic algorithms are local search algorithms, when a locally optimal 

point is found by a particular individual, the value of this individual’s fitness function 

becomes the highest in the population. This individual manages to remain on top of 

the population for a number of iterations and all individuals start looking alike. To 

escape from this scenario a mutation function imposes variability in the population. 

There are various mutation operators: 

 Replace with new features mutation - with a small probability, a small 

part of the chromosome is replaced by a randomly generated new 

features.  

 Invert mutation – a part of the chromosome is selected and the order 

of the features is inverted. 

 Insert mutation – a small part of the chromosome is selected and 

inserted in another randomly chosen position of the chromosome. 

 Delete mutation – a small part of the chromosome is selected and 

deleted. Therefore, the number of features decreases. 

 Swap mutation – two small parts of the chromosome are selected and 

their elements are swapped. 
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3. Semi-supervised Multi-view Genetic 

Algorithm 

3.1 Problem Statement 

In this part a new approach to semi-supervised multi-view learning is 

proposed – a semi-supervised multi-view genetic algorithm (SSMVGA). This approach 

uses multiple sources of information, i.e. multiple views, and exploits both labeled 

and unlabeled examples. It minimizes the error (3.1).  
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(3.1) 

The error ),..,( 1 kffErr  is the sum of the regularized empirical risk (based on 

the training set of labeled examples) of each viewv: 
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plus the agreement among the views on the unlabeled examples: 
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The number of all view pairs is )2,(2 kncombinatioCk  . The true values yi of 

the unlabeled examples are not known. Therefore, for all unlabeled examples ix  and 

all pairs of views vu ff ,  - the predicted value of uf is compared to the predicted 

value of vf  and the final disagreement between them penalizes the common error. 

21,  are the regularization parameters.  
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When 02  , the algorithm ignores the unlabeled examples. This parameter 

defines the weight of the unlabeled examples, the impact of the agreement among 

the views. 

Let
**

1 ,.., kff  be the learners for which Err (f1,… fk) is minimal: 

),..,(minarg,.., 1,..,

**

1
1

kffk ffErrff
k

  
(3.2) 

The proposed approach is a generalization of semi-supervised multi-view 

learning. It has the following strong points: 

 It can be applied to multiple sources of data (not only two). Most of 

the approaches focus on two-view learning (co-training, co-EM, SVM-

2K) 

 It works for convex and non-convex functions. Approaches based on 

gradient descend require a convex function. When a function is not 

convex, it is a hard optimization problem. The error in (3.1) is not 

convex when: 

o the loss function is non-convex 

 - 1/0 loss function  
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 - hat function: 

 ))0,1max())(,,( bxwxfyxc i

T   

Semi-supervised support vector machines are based on this 

loss function (described in 2.3.4). 

o the regularizer (the penalty term) is a non-convex function 

[47]-capped l1 norm ( 0,),max(  iw ), SCAD penalty, 

MCP penalty [45]. 

 It does not require complex computations - reversed matrices, PCA 

(Principal Component Analysis), etc. A solution of a system of linear 
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equations does not always exist.  It depends on the dataset and the 

rank of the matrix.  

3.2 Methodology of the algorithm 

The algorithm learns multiple hypotheses 
**

1 ,..., kff , simultaneously 

optimizing the error in (3.1). Each view is represented by a set of features )( jx . 

**

1 ,..., kff can be different functions (linear regression, logistic regression, 

polynomial regression, etc). kww ,...,1 are the weight vectors corresponding to each 

view that should be learned. The number of features in each view can be different. 
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To learn f1*,..., fk*, we have to learn the feature vectors kww ,...,1 . Genetic 

algorithms have already been successfully applied to neural networks parameter 

learning. The idea behind the proposed algorithm is to create a genetic algorithm, 

which optimizes  kww ,...,1  in the semi-supervised multi-view learning scenario. 

3.2.1 Individuals 

The individuals used in the semi-supervised multi-view learning genetic 

algorithm contain features from multiple views. The weights of the multiple views 

can be concatenated as if the algorithm were a single-view one.  

Individualj:  

 

Constructed in this way, the chromosome corresponds to k sub-

chromosomes, which are concatenated. What is important is not to mix the features 

of the different views. Therefore, an individual can also be defined as: 

w11 … w1s … wk1 … wkp 
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Individualj:   

 

 

 

3.2.2 Fitness Function 

A better fitted individual has a higher fitness function and will contribute the 

most offspring to the next generation. Since the goal is to optimize the common 

regularized risk and find its minimum, a more fitted individual will then be defined 

as having a smaller value of Err (f1,… fk).   

Fitness function: 

),..,()( 1 kffErrpfitness   (3.3) 

3.2.3 Crossover 

  For crossover of individuals in the semi-supervised genetic algorithm 

uniform crossover was chosen and applied – with ½ probability newborn children 

have 50% of the genes of each parent with randomly chosen crossover points. Other 

crossover types may also be used provided that they do not change the size of the 

chromosome and do not mix the features of different views.  

Individuals, whose fitness function is high are selected for reproduction with 

higher probability. The higher the value of the fitness function, the more times an 

individual is chosen to take part in crossover. Therefore, an individual, who has a 

high error value, is less likely to distribute genes in the new population.  





N

i

ipfitness

pfitness
p

1

)(

)(
)Pr(  

(3.4) 

Pr is a function, which returns the probability of selecting an individual p to 

participate in crossover. N is the number of individuals in the population. 

Selection is an important part of the algorithm as it also reflects the variety of 

the population. When only the best s% of the population participate in crossover, all 

View 1 w11 … w1s 

View j wj1 … wjl 

View k wk1 … wkp 



PhD thesis: Learning from multiple sources of data 

 

 

  - 50 -                                                 

members of the population start looking alike. Mutation also plays an important 

part in sustaining decent diversity in the population.  

3.2.4 Mutation 

The chosen mutation function used in the semi-supervised multi-view 

genetic algorithm is “replace with new features mutation” – with a small probability a 

small part of the chromosome is replaced by randomly chosen new features. Since 

the individuals consist of weights - with a small probability, a small number of 

weights are replaced by randomly generated new ones. It is not sensible to shift 

features from one view to another, unless they are shifted within the views. 

3.2.5 The Algorithm 

At first, the algorithm generates a population of N individuals ( PN  ) of 

the type, described in 3.2.1. 

 It iterates MAX_ITER number of times, improving the population of 

individuals. MAX_ITER defines the stopping criterion of the algorithm and it stands 

for the maximum number of generations the algorithm will run. Other convergent 

techniques can also be applied. For example, evolve the population until there is no 

change in the fitness of the best S% of the population. 

At each generation step:  

 crossover of individuals is performed.  

The algorithm selects t pairs of parents (in accordance with the fitness 

function). The parameter t reflects the percentage of individuals that 

are going to be replaced at each iteration of the algorithm. Since at 

each crossover step two children are produced, the number of 

offspring is 2t. 

 Replaces the worst individuals with the newly-generated children. 

2t number of individuals whose error is highest are excluded from the 

population. Due to their inaptitude, they do not survive.  
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 mutation - a small percentage of the population is altered. A mutation 

rate that is high may lead to loss of good solutions of the optimization 

problem. 

 

Pseudocode: 

void SemiSupervisedMultiViewGeneticAlgorithm() 

{ 

// Initialization – generate a population P of N individuals. 

// with randomly generated weights for each individual  

P = init(N); 

//Generations 

for(int i = 0; i < MAX_ITER; i++) 

{ 

//generate t new pairs (offspring) 

 for (int j = 1; j < t; j++) 

 { 

// selection – based on the fitness function 

// defined in (3.3) 

    (parent1, parent2) = SELECTION(P); 

   (child1, child2) = CROSSOVER(parent1, parent2); 

     children.add(child1); 

  children.add(child2); 

   } 

//Replace the worst individuals with the new offspring 

 P` = ReplaceWorst(children); 

  MUTATION(P`); 

 P = P` 

} 

} 
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3.3 Designing experiments 

3.3.1 Experiments 

One experiment is held comparing the following two genetic algorithms: 

 supervised genetic algorithm (Supervised GA), which uses one view 

(concatenated features of the multiple views, the original set of 

attributes). No unlabeled examples are used.  

 semi-supervised multi-view genetic algorithm (Semi-supervised multi-

view GA) – the proposed algorithm, which relies on unlabeled 

examples and multiple sources of information. 

 The performance of the two algorithms is compared based on root mean 

squared error (RMSE). The aim of the comparison is to see whether using the 

proposed genetic algorithm (exploiting unlabeled examples and multiple views) 

reduces the error of the learned algorithm in comparison to a supervised equivalent, 

which uses a single view and no unlabeled examples.  

3.3.2 Training and test sets: 

In order to simulate a semi-supervised scenario and to evaluate the two 

algorithms, we need the labels of the unlabeled examples. Therefore, we need a 

fully-labeled dataset. From a fully-labeled dataset we can draw a random sample of 

examples - a fraction of labeled instances and "hide" the labels of the rest of the 

examples.   

 The training set consists of: 

- labeled examples - a fraction of labeled examples from the original 

dataset. A small amount of examples is drawn at random and 

added to D1.  

- unlabeled examples. The rest of the instances have the values of the 

regression function removed (hidden). These unlabeled examples 

are added to D2.  
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A final training set is constructed (Fig. 7): D = D1   D2. 

 

Fig. 7 Train test – a random division 

 The test set contains all the examples in D2 (transductive semi-

supervised learning). The performance of the algorithm will be 

evaluated based on these examples, using the original known labels 

(Fig. 8).  

 

Fig. 8 Test set 

3.3.3 Monte-Carlo Cross Validation 

For error estimation Monte Carlo cross-validation [57] was used, the RMSEs 

of multiple random samples were averaged.  
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The dataset is randomly split into training and test sets. For each split, the 

two algorithms are run using the training set, and the error is assessed using the 

test set. Since the results depend on the initial labeled examples and their 

representativeness, multiple cross validation steps were performed and the final 

prediction is evaluated, based on the average of the observations. 

A standard N-folded cross-validation can also be used (Fig. 9). Each fold 

corresponds to the amount of labeled examples. "One fold" number of examples is 

used as labeled instances and (N-1) folds are used as unlabeled instances. For 

example, if there are 1000 examples out of which only 10 are labeled, this leads to N 

= 100. If there are 10000 examples and only 10 labeled ones, N = 1000.  

 

 

Fig. 9 Semi-supervised N-folded cross-validation 

 

In order to compare two genetic algorithms, the following schema was used: 

 For each cross validation step that is run both algorithms use the 

same training and test sets; 

 The parameters of the two algorithms are the same (in terms of 

number of individuals, mutation rate, maximum number of iterations, 

etc.) 

 For each cross validation step that is run both algorithms are executed 

multiple times, because genetic algorithms depend on the initially 

generated random values of the weights. As a result, only the best 

performing genetic algorithm is used in the future. This best genetic 
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algorithm (BGA) is chosen in accordance with the fitness function. As 

we have a small amount of labeled examples, we cannot afford to 

further divide them into a train and a validation set. 

For each cross validation run, the RMSE of the BGA based on the test set (test 

RMSE - TRMSE) is calculated. TRMSE of all cross validation runs are averaged for 

the Supervised GA and the Semi-supervised multi-view GA. 

3.4 Conducting experiments 

3.4.1 Dataset 

The performance of the semi-supervised multi-view genetic algorithm was 

evaluated based on a well-known dataset – “diabetes”, which can be obtained from 

the UCI Machine Learning Repository [56]. The attributes of diabetes are real-valued, 

there are no missing values. It consists of 768 examples, 8 attributes and 2 classes. 

The two classes were treated as real values – 0.0 (tested negative) and 1.0 (tested 

positive) and the task was to learn a regression function. 

3.4.2 Parameters of the algorithms 

1. Number of views:  

k = 2 (Two views) 

The attributes were divided into the following two views: 

       view_1= {preg, plas, pres, skin}; 

       view_2= {insu, mas, pedi, age}; 

2. Type of regression functions:  

Let f1 and f2 be two linear regression functions, whose vector features are 

w and v.  

11 )( xwxf T  

22 )( xvxf T  (3.5) 

In linear regression, we can define the loss function as the squared loss 

function:  
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2))(())(,,( xfyxfyxc   (3.6) 

3. Regularizer - a standard supervised regularizer for linear regression was 

used:    
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Therefore, we have to find such a tuple (f1*, f2*):  
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(3.8) 

 This problem is also known as ridge regression [27]. 

4. Maximum number of iterations:  

MAX_ITER = 20000  

5. Regularization parameters: 

- selected values: 05.0,5.0 21    

It was experimented with different values for the two regularization 

parameters and those that have the smallest error were chosen. 

6. Number of individuals:  

N = 100  

7. Mutation rate: 5%.   

Out of the 100 individuals only 5 are mutated.  

3.4.3 Results 

In Table 1 the comparison between the supervised genetic algorithm 

(Supervised GA) and the proposed semi-supervised multi-view genetic algorithm 

(Semi-supervised multi-view GA) can be seen. The number of labeled examples is 20. 

The rest 748 examples are used as unlabeled. The two algorithms are compared in 
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accordance with TRMSE. The semi-supervised multi-view genetic algorithm 

outperforms its supervised equivalent as it has: TRMSE = 0.63, whereas the TRMSE 

of its supervised equivalent is 0.81. 

 

Table 1 Semi-supervised multi-view GA vs Supervised GA 

Algorithm TRMSE 

Supervised GA  0.81 

Semi-supervised 

multi-view GA 
0.63 

 

Table 2 contains the results of the same experiment, but 20% of the 

unlabeled examples are excluded from the training set and left for a test set 

(inductive semi-supervised leaning). The same number of labeled examples is used. 

37-folded cross-validation is performed. The aim is to explore the performance of 

the algorithm on future unobserved examples which are not used as unlabeled 

examples in the training set. It does not affect the performance of the supervised 

genetic algorithm as it does not use unlabeled examples for learning. The error of 

the semi-supervised multi-view genetic algorithm after the process of cross-

validation is 0.59 and is close to the Monte Carlo one (Table 1) and shows that we 

can use the semi-supervised multi-view genetic algorithm to predict the labels of 

instances which are outside the set of unlabeled training examples.   

 

Table 2 Semi-supervised multi-view GA: inductive learning 

Algorithm TRMSE 
Semi-supervised 

multi-view GA 
0.59 

 

3.5 Conclusion   

Darwin’s concept of evolution has been carried over into genetic algorithms 

for solving some of the most demanding problems for computer optimization. In this 

section, such a minimization problem has been solved with the aid of a genetic 
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algorithm. In order to minimize the common error which depends on k views, a 

semi-supervised multi-view genetic algorithm was proposed. An individual has k 

sub-chromosomes, which contain features from k data sources. The proposed 

algorithm uses both labeled and unlabeled examples. The algorithm improves the 

population of individuals, striving after such learners, which agree with each other 

on the unlabeled examples. The experimental results prove that using multiple 

views and unlabeled examples reduces the error of the algorithm.  

The aim of the experiment was to “simulate” a semi-supervised framework 

by using only a fraction of the examples as labeled. In the semi-supervised scenario 

the performance of the proposed algorithm is evaluated and compared to a 

supervised one. The results from the previous section inspired the application of the 

semi-supervised multi-view genetic algorithm to sentiment analysis in Bulgarian 

(Part 4) – a field where labeled examples in Bulgarian are hard to find and require 

many experts to classify the examples beforehand. 
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4. A Sentiment Analysis System in 

Bulgarian 

Humans can feel emotions, express their feelings and understand each other 

relying on hidden patterns of sentiment. We can formulate a simple sentence as a 

neutral statement, but we can also impose some emotions in it, which makes it an 

opinion.  

Sentiment analysis [80, 81, 83, 91] is a modern discipline, which is 

responsible for extracting subjective information, understanding the emotions 

encoded in the text given. It uses a variety of algorithms in order to achieve this. 

Being an interdisciplinary subject, combining algorithms of artificial intelligence, 

natural language processing, information retrieval and statistics, it simulates 

intelligent behavior.  

Social media (Facebook, Twitter, Google+, LinkedIn) contains large amounts 

of data – comments and articles, which express personal opinion. For examples, it 

may be of interest to know what the opinion of social media on a certain topic is - is 

it positive or negative [93, 94]? Is a product positively accepted by the customers? 

Does a politician have a positive public image? Is a football couch popular among the 

fans? These are all important questions, whose answers are valuable for many 

contemporary businesses. To answer these questions, we need to develop tools for 

automatic extraction of sentiment from texts. 

4.1 Sentiment Analysis in English 

There has been considerable research in the field of sentiment analysis in 

English (a.k.a. opinion mining), it has grown rapidly to become one of the most 

actively researched areas in NLP (natural language processing). Modern directions 

in sentiment analysis are:  

 classification of positive/negative/neutral reviews;  
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 classification of personality traits - (nervous, anxious, reckless, morose, 

hostile, jealous);  

 classification of emotions - angry, sad, joyful, fearful, ashamed, proud, 

elated;  

 detecting irony [95]; 

 rumor credibility in documents;  

 plagiarism; 

 author recognition. 

Most of the research has been conducted in English. Bing Liu [21] overviews 

the state of art in different types of sentiment analysis and discusses a wide variety 

of practical applications. Kennedy and Inkpen [22] present two methods for 

determining the sentiment expressed in movie reviews in English. The first method 

is based on a sentiment lexicon [23, 50] and relies on the polarity of the very words 

in the documents. Usually, we sum the weights of the negative and positive words 

and a final decision is made based on the outcome. The second approach uses a 

classification algorithm in order to differentiate between the classes. The current 

dissertation focuses on sentiment analysis, based on a machine learning 

classification/regression algorithm.  

It should also be noted that an opinion is generally subjective. Two people 

might not agree on the sentiment of a sentence. Furthermore, some sentiment 

analysis competitions (Semantic Evaluation – “SemEval”) remove the reviews the 

judges could not agree on from the dataset. 

4.2 Sentiment analysis in Bulgarian 

Sentiment analysis in Bulgarian (like in Chinese [6]) suffers from labeled 

examples shortage. There is little labeled data, which can be used in the learning 

process. It is both scarce and incomplete. In such cases, when classified examples 

are hard to obtain, to improve the classification accuracy of the algorithm unlabeled 

examples are collected so that relevant information can be extracted from them. 
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Furthermore, multiple sources of data are explored and semi-supervised multi-view 

learning techniques are applied.  

In order to cope with the burdens of insufficient data in Bulgarian, a new 

learning system for sentiment analysis needs to be developed in the Bulgarian 

language. This thesis proposes a working model of such a system.  

The sentiment analysis system for the Bulgarian language (SASBG) is an 

innovative framework, which predicts the sentiment of movie reviews. It is a semi-

supervised sentiment analysis system and has the following characteristics: 

 The system uses multiple sources of information. Since there is little 

labeled data in Bulgarian, a second English data source is also used. 

Each instance has attributes from multiple sources of data (a 

Bulgarian and English view);  

 The system uses labeled English movie reviews and unlabeled 

Bulgarian movie review. It benefits from the unlabeled examples; 

 The system is based on a new semi-supervised multi-view learning 

approach - the algorithm proposed in part 3. 

 The system can process large amounts of information (big data). It has 

a distributed framework and can process parallel calculations. 

4.3 SASBG Development Cycle 

The development of the learning system for sentiment analysis in Bulgarian 

includes the following phases: 

 Data understanding and data acquisition – a process of greatest 

importance, which is responsible for understanding what a review is, 

why we need a new system, where we can find data for it;   

 Data preprocessing – preprocessing the originally obtained data, so 

that the reviews are ready for the next phase; 

 Data translation – since multiple sources of information are used, we 

need to manually create the second view by translating the reviews. 
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The English reviews are translated into Bulgarian with Google 

translate and the Bulgarian movie reviews are translated into English; 

 Feature extraction – with the aid of Gate features are extracted from 

the two views;   

 Modelling - development of a distributed framework: a cluster of 

machines running under Linux Mint. The software architecture uses 

Apache  Hadoop (hdfs and yarn) and Apache Spark; 

 Evaluation of the semi-supervised sentiment analysis system. 

Multiple experiments are carried out. The semi-supervised multi-view 

genetic algorithm is compared to its supervised equivalents.  

Usually, data translation and feature extraction are part of the data 

preprocessing phase, but because they required too much effort and also in view of  

the better understanding of the system, they were left as separate stages in the cycle. 

The pipeline of the data mining cycle can be seen in Fig. 10.  As displayed, the data 

mining cycle supports moving back and forth between different phases. The 

information learned during one process can trigger new questions and ideas. 

Therefore, going back to previous phases is paramount. 
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Fig. 10. Sentiment Analysis in Bulgarian – data mining cycle 

4.4 Movie reviews - data acquisition and data 

understanding  

The difficulties of sentiment analysis in Bulgarian lie in the absence of 

labeled Bulgarian training sets. An expert in the field should label all training 

examples manually. Unlike a labeled set of instances, an unlabeled one is easy to 

find. Most of the web-based systems and forums provide us with “a comment 

functionality”. You can comment on a product and point out its strong sides or 

shortcomings. However, you cannot rate your own opinion, as either positive or  

negative. Even when a person comments on an article in the social networks 

(Facebook, LinkedIn), it does not say anything about the sentiment of the comment, 
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unless the system teaches itself to forecast it. These comments represent unlabeled 

examples.   

There are various abundant sources of labeled datasets for sentiment 

analysis in English. Some of the most widely used are: 

 http://www.tripadvisor.com/ – contains numerous labeled reviews. 

There also are:  

- http://www.tripadvisor.ru/ (in Russian) 

- http://www.tripadvisor.jp/ (in Japanese), etc.; 

In Bulgarian there is no such counterpart. 

 http://www.booking.com/ - contains numerous labeled English 

reviews.  

 http://www.amazon.com – contains numerous labeled English 

reviews in multiple domains.  

 http://www.ebay.com – contains numerous labeled English reviews 

in different domains. 

 http://www.imdb.com/ - contains numerous labeled English movie 

reviews. 

 Twitter sentiment corpuses;  

In this thesis, amazon movie reviews [30] are used. 

The proposed system is in the field of natural language processing. It uses 

texts as data (each text or review is an example). Based on previous history (a 

training set), it learns to forecast the sentiment of a new document. The domain of 

the texts can vary. For the experimental results, the field of movie reviews was 

selected. It was chosen because there is current interest in the field and a growing 

need for such a learning system in Bulgarian.   

4.4.1 Movie reviews  

 A movie review consists of sentences, expressing the user’s attitude towards 

a movie. The user assesses the quality of the film, based on a scale. For example, the 

http://www.tripadvisor.com/
http://www.booking.com/
http://www.amazon.com/
http://www.ebay.com/
http://www.imdb.com/
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review from Fig. 11 was obtained from http://www.imdb.com/ and expresses the 

opinion of a user on the movie “A.I. Artificial Intelligence”, (2001). The user must 

have liked the movie very much giving it a score - 10/10 (**********). 

  

 

Fig. 11. Review of the movie “A.I. Artificial Intelligence” 

 

4.4.2 Rating scale 

Usually, in sentiment analysis, an instance is treated either as "positive" or 

"negative". A “neutral” class can also be used. The movie reviews used in this thesis, 

have a rating scale varying from 1 to 5 (*, **, ***, ****, *****). The rating of the 

movies is treated as a real-valued function.  

4.4.3 Multiple sources of information 

Two sources of data are used - Bulgarian reviews (unlabeled examples) and 

English movie reviews (labeled examples). 

http://www.imdb.com/
http://www.imdb.com/title/tt0212720/?ref_=ttmd_md_nm
http://www.imdb.com/title/tt0212720/
http://en.wikipedia.org/wiki/Spam_filtering
http://en.wikipedia.org/wiki/Spam_filtering
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English reviews: 

As explained above, an English source of classified instances is easy to find 

and use. 992 English Amazon movie reviews [30] were used. These reviews are rich 

in content.  They will be translated into Bulgarian. 

Bulgarian reviews: 

Since automatic machine translation into Bulgarian is not that good, a second 

source of information needs to be used, i.e. genuine Bulgarian reviews. A set of 

movie reviews in Bulgarian was manually extracted from www.cinexio.com. It 

consists of 100 labeled examples and they were translated into English. These 

examples were used as unlabeled, the labels were “hidden” during the learning 

phase. The labels were used only for the evaluation of the results. 

4.5 Data Preprocessing  

Data preparation is an important phase that can have a major impact on the 

final results. Analyzing data that has not been carefully preprocessed can produce 

misleading results.  

The Amazon movie reviews did not contain missing information and were 

preprocessed by the author who published them. 

The Bulgarian reviews extracted from cinexio.com were not that good and 

needed to be preprocessed. Some of them were removed from the training set 

because of duplication or because they were not in Cyrillic. Some spelling mistakes 

were manually corrected.  

4.6 Data Translation - creating two views  

We need two views for both the English and Bulgarian reviews to be further 

used in the modelling phase. Data translation plays a major role in the system and is 

a phase that cannot be omitted. Translation was executed with the help of Google 

translate.  
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English reviews 

The amazon reviews were translated into Bulgarian by Google translate so 

that each review has two views (Fig. 12). These examples form the training set of 

labeled examples D1.  

 xi = (original_English_view, translated_into_Bulgarian_view) ,  

yi = Rating of xi 

l

iii yxD 11 )},{(   

 

Fig. 12 Labeled examples 

Bulgarian reviews 

The Bulgarian reviews were translated into English so that a second view is 

formed (Fig. 13). As the ratings were “hidden”, these reviews are added to the pool 

of examples as unlabeled examples D2. 

xj = (translated_into_English_view, original_Bulgarian_view) 

ul

ljjxD 

 12 }{  

 

Fig. 13 Unlabeled examples 

4.6.1 Feature Extraction from movie reviews 

After the data preprocessing and data translation phases, cleansed and 

compatible .txt files were produced. They were further used by the feature 

extraction module so that a vector of feature weights could be extracted. 
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Natural language processing (NLP) enables computers to extract meaning 

from natural language texts. The “meaning” in this dissertation refers to sentiment 

and the intelligence to learn to predict it based on a text. 

 Each movie review can be viewed as a separate document, a text or a bag of 

words. It consists of sentences and depending on the content, the very words inside, 

it expresses some sentiment. Therefore, each movie review is viewed as an example. 

A collection of movie reviews (documents) forms a dataset.  

Movie review/document j:  

),...,( 0 jmjj wwd   

A movie review is defined by a vector of weights, one component for each 

term in a dictionary of words. The corpus of movie reviews gives us a matrix, which 

can also be viewed as a vector space [28]. 

Terms 

A term can be a single word or a longer phrase. In SASBG, biwords were used. 

A biword index is an approach to handling phrases, which consider every pair of 

consecutive terms in a document as a phrase. For example, the text “Lovely morning 

sunshine” will generate the following biwords: “lovely morning” and “morning 

sunshine”. If words were chosen for terms, the dimensionality of the review vector 

space would be the number of words in the vocabulary - the number of distinct 

words, which occur in the corpus. As long as the biword model was chosen, the 

dimensionality rose considerably.   

4.6.2 Scoring the movie reviews  

The weight of each term follows the tf-idf standard: 

Term frequency - the number of times that term t occurs in document d: 

 ),( dttf ; 

Inverse document frequency - it measures whether the term is common or 

rare across all documents (N is the number of documents in D, t is the term): 

https://en.wikipedia.org/wiki/Text_corpus
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Weights:  

),(*),(),( DtidfdttfDttfidfwt   (3.9) 

4.6.3 Gate pipeline 

Gate [29] is a NLP framework, solving text processing problems.  

In order to extract features from the Bulgarian and English views the 

following pipeline was created (Fig. 14):  

 

Fig. 14. Feature extraction 

 

The feature extraction process includes the following steps: 

 Document Reset – it enables the document to be reset to its original 

state, by removing all the annotation sets and their contents;  

 ANNIE Tokeniser – splits the text into very simple tokens;  

 Stemmer - reduces derived words to their word stem or root form; 

http://en.wikipedia.org/wiki/Word_stem
http://en.wikipedia.org/wiki/Root_(linguistics)
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- Snowball stemmer – an English stemmer 

- BulStem – a Bulgarian stemmer 

 Groovy Script – a groovy script was written, which is used for:  

- biword feature extraction – a biword index is created. The groovy 

script calculates the number of times a term appears in each 

review and the number of documents it appears in. 

- The tf-idf weights are calculated and a final output file is returned, 

containing one record (a vector of weights) for each movie review.  

Since two sources of information were used, the feature extraction process 

was done once for the Bulgarian and once for the English view. 

Extracted features: 

 Bulgarian view: 17099 features were extracted 

 English view: 12391 features were extracted 

4.7 Modelling of SASBG 

In modelling, data mining algorithms are built - manually implemented or 

existing libraries and tools are applied. This stage is the implementation of the 

software architecture framework. A distributed framework, which can process big 

data is designed and developed. Implementation of the semi-supervised multi-view 

genetic algorithm is also included. 

4.7.1 Distributed Software Architecture  

High-Speed In-Memory Analytics  

In-memory data storage is very important for the fast execution of 

algorithms. It is significantly valuable, especially, for iterative procedures like 

genetic algorithms, which process the same dataset again and again. A distributed 

system gives us much more memory capacity (a cluster of nodes can provide us with 

almost limitless resources, depending on the number of nodes).  
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In the previous section, it can be seen that 17099 features were extracted 

from the Bulgarian view and 12391 – from the English. 

The memory storage space required was calculated to be:  

- Bulgarian view: 17099 features*100 examples*8 bytes: ~13MB 

- English view: ~12391 features *1000 examples *8 bytes: ~95MB. 

For future works skip-words or more complex indices (currently biwords) 

can be explored. There might also be more than two views. There can be more 

examples – both labeled and unlabeled. Therefore, the in-memory estimation can 

rise considerably. 

Parallel Execution of calculations 

Another advantage of a distributed framework is that it executes parallel 

calculations on different nodes.  

MapReduce is a programming model, processing large data sets in parallel, 

performing two steps: 

- Map Step – a master node assigns calculations to worker nodes, 

calling the same operators on different examples from the dataset. 

A map function is defined by the user, the same rules are applied 

to all instances. It produces a key/value pairs. 

- Reduce Step – a master node assigns calculations to worker nodes. 

The pairs with equal keys are combined based on a defined reduce 

function and a single result is returned for each key. 

MapReduce example:  

We can use the map/reduce paradigm to calculate the following sum: 

))xv()xw(( 2

2,i

T

1

2

1,i

T 


i

l

i

i yy  

Python (Apache Spark) code: 

error = labeled.map( 

lambda x:  

(x[0] - x[1: 1 + VIEW_1].dot(w1[i]))**2 +  

(x[0] - x[1 + VIEW_1:].dot(w2[i]))**2 

 ).reduce(add) 
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For each example in “labeled”, 2

i2,

T2

i1,

T )xv()xw(  ii yy is calculated and 

the sum of the elements is returned via a reduce function.  

- x[0] is the yi value of the example xi,  

- x[1: 1 + VIEW_1] is the vector of the attributes of view 1,  

- x[1 + VIEW_1:] is the vector of the attributes of view 2,  

- dot() performs a dot multiplication of two vectors. 

How big is “Big Data”? When should it be used? 

Big data implies large amount of data, which cannot be processed by a single 

machine and its resources. Not only cannot it be stored physically, but there is no 

execution power to afford the learning and prediction processes. Whether to use or 

not a distributed system depends on the task and resources we have. If we can 

process the task with the aid of one machine in reasonable time, there is no need of 

it. But if we cannot process it or it takes longer time, a distributed framework is 

preferred. 

The system architecture of SASBG can be seen In Fig. 15.   

 

Fig. 15 SASBG Architecture 
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The hardware architecture comprises a cluster of two laptops, running under 

Linux Mint (a distribution based on Debian). 

4.7.2 Apache Hadoop  

Apache Hadoop [31] is an open-source software framework, which was 

written in Java for distributed storage and distributed processing of very large data 

sets on a cluster of computer nodes. Recently, it has gained popularity and turned 

out to be applicable in such areas as NLP. The hadoop distributed file system (hdfs) 

as well as its cluster management – yarn are penetrating important business fields 

worldwide, which makes them stand out as crucial. 

Although Apache Hadoop has its own MapReduce engine, it was not used in 

the modelling process. Only the hdfs file system and the cluster manager yarn were 

used.  

4.7.3 Apache Spark 

Apache Spark [32] is an open-source cluster computing framework, which 

provides performance up to 100 times faster than hadoop’s MapReduce. It has a 

machine learning module MLlib and multiple MapReduce examples. Due to the good 

documentation and examples, personal code is easy to write.  

Apache Spark was chosen for the software architecture because of its 

applicability and usability - it is fast and easy to learn.  It runs on hdfs and uses yarn. 

Spark supports three programming languages: scala, java and python. For the 

implementation of the algorithms python was chosen.  

Python further includes a library called “NumPy” - an extension to the Python 

programming language. This library adds support for large, multi-

dimensional arrays and matrices. It also provides high-

level mathematical functions to operate on these arrays.  

https://en.wikipedia.org/wiki/Linux_distribution
https://en.wikipedia.org/wiki/Debian
https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Array_data_structure
https://en.wikipedia.org/wiki/Matrix_(math)
https://en.wikipedia.org/wiki/High-level_programming_language
https://en.wikipedia.org/wiki/High-level_programming_language
https://en.wikipedia.org/wiki/Mathematics
https://en.wikipedia.org/wiki/Function_(mathematics)
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4.8 Evaluation of SASBG 

In this section, the performance of SASBG is evaluated. The system is also 

compared to supervised equivalents. 

4.8.1 Training and test sets 

The training and test sets contain English and Bulgarian reviews after the 

processes of data preprocessing, data translation and feature extraction. 

 The training set contains both labeled and unlabeled examples  

D = D1 U D2. 

These are the labeled English reviews and the unlabeled Bulgarian 

reviews. 

 The test set contains all the examples in D2 (the Bulgarian reviews). 

We will compare the algorithm to its supervised equivalents based on 

these examples (using the original known labels). D2 contains only 

unlabeled examples. Cross-validation will not affect the supervised 

algorithms at all -  they use only labeled examples.  

The distribution of labels in the test can be seen in Fig. 16. Out of 

the 100 examples: 

- 43 have a rating *****; 

- 20 have a rating ****;  

- 14 have a rating ***;  

- 8 have a rating **; 

- 15 have a rating *. 
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Fig. 16 Rating Distribution 

4.8.2 Designing Experiments  

One experiment is performed comparing 5 methods - SSMVGA is compared 

to four supervised genetic algorithms.  All genetic algorithms use the same set of 

labeled examples, the same parameters – number of iterations, number of 

individuals in the population, and mutation rate. Each genetic algorithm is executed 

multiple times and the best performing is chosen for final comparison.  Detailed 

information can be seen in Table 3. 
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Table 3 Sentiment Analysis - compared algorithms 

Algorithm 
Bulgarian 

view 

English 

view 

Labeled 

examples 

Unlabeled 

examples 

Supervised 1-view (SGA) Ѵ Ѵ Ѵ  

Supervised 2-view (SMVGA) Ѵ Ѵ Ѵ   

Supervised – Bulgarian (BSGA) Ѵ  Ѵ  

Supervised – English (ESGA)  Ѵ Ѵ  

Semi-supervised 2-view (SSMVGA) Ѵ Ѵ Ѵ Ѵ 

 

 

The following 5 genetic algorithms are compared: 

 Supervised – English (English supervised single-view genetic 

algorithm - ESGA): only the English view is used. For the learning 

phase the original English reviews are directly used and for the 

prediction one - the Bulgarian test set is translated into English and 

tested. No unlabeled examples are used. 

 Supervised – Bulgarian (Bulgarian supervised single-view genetic 

algorithm - BSGA) – only the Bulgarian view is used. For the learning 

phase the original English reviews are translated into Bulgarian and 

then used, for the prediction one -  the Bulgarian test set is directly 

tested. No unlabeled examples are used. 

 Supervised 1-view (supervised single-view genetic algorithm - SGA) – 

the features of the two views are concatenated in one view and used 

for learning and prediction.  No unlabeled examples are used. 

 Supervised 2-view (supervised multi-view genetic algorithm - SMVGA) 

– both the English and the Bulgarian views are used for learning and 

prediction, no unlabeled examples used.  

 Semi-supervised 2-view (semi-supervised multi-view genetic 

algorithm - SSMVGA) – both the English and the Bulgarian views are 
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used for learning and prediction, unlabeled examples are used as well. 

This is the algorithm proposed in this paper. 

4.8.3 Conducting Experiments 

The experimental results are displayed in Table 4. It can be seen that the 

English supervised GA is the weakest. The reason might lie in poor translation from 

Bulgarian into English. It can be seen that it worsens the prediction of both the 

Supervised 1-view and Supervised 2-view GAs. The multi-view supervised 2-view 

GA (RMSE = 2.84) performs better than its 1-view counterpart (RMSE=3.09). They 

are both better than the single English GA (RMSE=3.12). 

The 2-view semi-supervised GA (RMSE = 2.16) manages to outperform the 

single Bulgarian GA, because it also relies on unlabeled examples and multiple views. 

The five algorithms are also compared based on MAE (Mean Absolute Error). 

The results are displayed in Table 4. 

 

Table 4 Sentiment Analysis – experimental results 

Algorithm RMSE MAE 

Supervised 1-view (SGA) 3.09 2.20 

Supervised 2-view (SMVGA) 2.84 2.10 

Supervised – Bulgarian (BSGA) 2.20 1.90 

Supervised – English (ESGA) 3.12 2.22 

Semi-supervised 2-view (SSMVGA) 2.16 1.86 

 

The parameters of all genetic algorithms are:  

 Maximum number of iteration (stop criterion)  

10000 = MAX_ITER  

 regularization parameters  

5.01  , 5.02   

It was experimented with different values for the two regularization 

parameters and such were chosen that lead to the smallest error. 
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 Number of individuals in the population 

100N  

 5% :rate Mutation  

Out of the 100 individuals only 5 are mutated. 
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5. A Multi-View teaching algorithm 

5.1 Problem Statement 

The multi-view teaching algorithm (MTA) is a modification of the standard 

co-training algorithm. Blum and Mitchell [3, 45] published the co-training 

assumptions:  

 the algorithm requires two strong classifiers;  

 the two views should be conditionally independent given the class:  

)|(),|( 121 YXPXYXP   

)|(),|( 222 YXPXYXP   

What happens when one of the classifiers is a bad learner, i.e. weaker than 

the other? When one of the classifiers is not a good learner, its predictions are 

expected to be false, it augments the set of labeled examples of the other learner 

with instances, which are misleading. As a result, it worsens the final prediction.  

The proposed modification takes this into consideration and tries to improve 

only the weaker classifier. The multi-view teaching algorithm increases only the list 

of labeled examples of the weaker classifier, based on the most confident examples 

of the other learner. 

5.2 Methodology of the algorithm 

The multi-view teaching algorithm is a semi-supervised two-view learning 

algorithm. It uses unlabeled examples, which have projections on two sources of 

information. On each view a separate classifier is learned Lj. The final prediction of 

the algorithm is a combination of the two views.  

Let L1 and L2 be two Bayes classifiers (naïve Bayes classifiers or Bayes 

classifiers, based on multivariate normal distribution).  

θ1 - the parameter of L1. 

θ2 - the parameter of L2. 
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- When the underlying classifiers L1 and L2 are two naive Bayes classifiers 

with real-valued attributes:  

),(    

- When the underlying classifiers are two Bayes classifier, based on 

multivariate normal distribution with real-valued attributes: 

),,(    

Let L2 be the weaker learner, with worse classification accuracy. Let U2 be the 

set of labeled examples of classifier L2.  

W contains all unlabeled examples.  

At first, the algorithm learns L1 and finds its parameter θ1. L1’s most 

confident examples of each class are added to L2’s pool of labeled examples so that 

we can find θ2.   

 

Algorithm: 

void multiViewTeachingAlgorithm() 

{ 

// U1 contains the attributes of view1 (only labeled examples) 

U1 = view1(D1); 

// U2 – contains the attributes of view2 (only labeled examples) 

U2 = view2(D1); 

W = D2; // all the unlabeled examples;  

θ1 = learn(L1, U1);  //learn θ1 based on view1 

// Add more labeled examples to  L2  

for (xi in W) 

{ 

 for(int j = 1; j < K; j++) // For each class yj: 

{  

  y[j] = ),|( 1ij xyP ; 
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} 

// y* is the maximal element of the array y[]  

y* = max(y);  

list.add(xi, y*); 

} 

for (int j = 1; j < K; j++) // For each class yj: 

{ 

// find the most confident examples and if they exceed some 

threshold add them to U2 

 U2 += mostConfident(j); 

}  

θ 2 = learn(L2, U2);  //based on view2 

} 

The set of unlabeled instances (W) can be further divided into bins and the 

bins can be processed in parallel. This optimization technique will be extremely 

useful for datasets with lots of unlabeled examples. 

Another point worth mentioning, is that the algorithm tries to find the most 

credible examples of L1. Not all newly labeled examples are added to the pool of 

labeled examples of the second classifier L2. If the fitness of an example does not 

exceed some threshold, it is not used. If the first learner is not confident about some 

unlabeled example, this example is not used further in order not to worsen the 

second learner L2. It was experimented with multiple thresholds and the chosen one 

was selected experimentally - the one that brings the highest classification accuracy. 

The algorithm is not an iterative procedure (the original co-training 

algorithm is), which makes it suitable for image/movie processing, tracking objects, 

etc. When considering a semi-supervised framework, where the number of labeled 

examples is small, every new representative example is important.  

After the correction of the weaker classifier, it can be proceeded with an 

iterative co-training procedure.   
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Combining the views 

The results of the two classifiers are intuitively combined so that a final 

decision about the classification of new examples is made. Blum and Mitchell 

proposed a simple framework where the final class probability of a new example is 

the multiplication of the two views' probabilities:    

),|(),|()|( 21  ijijij xyPxyPxyP   (5.1) 

To escape from the multiplication in (5.1), a standard log-procedure was 

used, the argmax remains the same:  

),|(log),|(logmaxarg

),|(),|(maxarg

21

21





ijijy

ijijy

xyPxyP

xyPxyP

j

j




 

(5.2) 

5.3 Designing experiments 

5.3.1 Experiments 

One experiment is held and the performance of the following algorithms is 

compared: 

 multi-view teaching algorithm (MVTA) based on two naïve Bayes 

classifiers 

 supervised naive Bayes classifier (NB).  

The aim of the experiment is to determine whether the proposed algorithm, 

which uses unlabeled examples and multiple views leads to a smaller error 

compared to that of a standard supervised method. 

5.3.2 Training and test sets: 

A Monte-Carlo cross-validation was used; multiple random samples were 

averaged. To reduce variability, multiple rounds of cross-validation steps were 

performed using different partitions, and the validation results were averaged over 

the rounds. 

http://en.wikipedia.org/wiki/Variance
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At each Monte Carlo cross-validation step the training and test sets are 

constructed in the following way:  

 Training set 

- Labeled examples - The training set consists of a fraction of the 

examples from the original dataset.  

- Unlabeled examples - The rest of the instances have their 

classifications removed. These unlabeled examples are also added 

to the training set. 

 The test set contains the unlabeled examples but the original labels 

are used for evaluation.    

5.4 Conducting Experiments 

5.4.1 Datasets 

The performance of the multi-view teaching algorithm is evaluated on well-

known datasets – “diabetes”, “Iris”, “Red Wine Quality”, “contraceptives”, “Yeast”, 

which can be obtained from the UCI Machine Learning Repository [56]. The next 

section will describe the performance of the algorithm based on these datasets.  

All datasets have real-valued attributes, there are no missing values. These 

datasets were preprocessed by the authors (cleansing, transformation, etc.). 

Detailed information about the datasets can be seen in Table 5. 

 “Diabetes” is a dataset, which consists of 768 examples and 2 classes. 

The probability of randomly assigning a correct classification of an 

example is ½  (2 classes -  50% accuracy).  

 The “Iris” dataset contains 3 classes of 50 instances each, where each 

class refers to a type of iris plant. The probability of randomly 

assigning a correct classification of an example is 33%. 

 “Red Wine Quality” models wine preferences based on 

physicochemical properties. It has 1600 examples, 11 attributes and 6 
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classes. The probability of randomly assigning a correct classification 

of an example is 17%. 

 “Contraceptives” predicts the current contraceptive method choice (no 

use, long-term methods, or short-term methods) of a woman based on 

her demographic and socio-economic characteristics. It consists of 

1473 instances, 3 classes and 9 real-valued attributes. The probability 

of randomly assigning a correct classification of an example is 33%. 

 “Yeast” contains 1484 examples, divided in 10 classes. The number of 

attributes is 9. The probability of randomly assigning a correct 

classification of an example is 10%. 

 

Table 5 Datasets  

DataSet Classes Attributes Examples 

Accuracy 

(random 

choice) 

Accuracy 

(random) - 

based on the 

distribution 

Iris 3 4 150 33.33% 33.33% 

Diabetes 2 8 768 50.00% 54.56% 

Red Wine 

Quality (2009) 
6 11 1600 16.67% 

35.73% 

contraceptives 3 9 1473 33.33% 35.38% 

Yeast 10 8 1484 10.00% 22.32% 

5.4.2 Experimental Results 

The two algorithms are compared based on the percentage of labeled 

examples used for training. It was experimented with the following samples of 

labeled examples: 5%, 10%, 15%, 20%, 50%, 90%. Detailed results can be seen in 

Table 6. 
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The threshold of the algorithm, which was used was set to -16 (negative 

because of the logarithmic probability). It was experimented with various 

thresholds. When the threshold was too high, it made the classification accuracy of 

the training algorithm close to the supervised one, because few examples could 

surpass it. When the threshold was rather low, too many unlabeled examples 

managed to affect the performance of the weaker classifier, diminishing its 

classification accuracy. The value of this threshold was of greatest significance.  

It can be seen from the table that the multi-view teaching algorithm 

outperforms the supervised learner. 

 

Table 6 MVTA vs Naïve Bayes Classifier 

Labeled examples Algorithm 5% 10% 15% 20% 50% 90% 

Iris NB 80.07 89.81 93.37 94.03 95.08 94.82 

Iris MVTA 82.56 90.77 93.53 94.10 95.08 94.82 

Yeast NB 35.53 38.59 44.44 46.70 48.94 50.30 

Yeast MVTA 36.16 42.15 45.55 47.78 48.98 50.68 

contraceptives NB 69.74 71.97 72.96 73.53 75.55 80.04 

contraceptives MVTA 70.00 72.19 73.16 73.71 75.70 82.76 

Red Wine Quality NB 32.67 36.31 39.32 41.97 47.09 49.39 

Red Wine Quality MVTA 32.40 36.63 40.33 43.34 52.16 52.16 

Diabetes NB 69.74 71.97 72.96 73.53 75.55 80.04 

Diabetes MVTA 70.00 72.19 73.16 73.71 75.70 82.76 

 

It can be seen from the table that the higher the percentage of labeled 

instances used for learning, the better the classification accuracy. On the other hand, 

the table shows that using fewer labeled examples can also bring relatively good 

results (Iris: 82.56% accuracy using only 5% labeled instances). The question is 

whether we can afford the process of labeling an example or not.  

It can also be seen from the table that the semi-supervised multi-view 

teaching algorithm outperforms its supervised equivalent (the naïve Bayes 

classifier), but the improvement is at most 3%. When both classifiers are weak (Red 
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Wine Quality) the multi-view teaching algorithm fails to improve the classification 

accuracy (the two views are both weak). The reason that stands behind these results 

is that the two views are not conditionally independent given the classification 

function. Still, as Blum and Mitchell point out, semi-supervised multi-view learning 

can be effective.  

Fig. 17 shows the comparison between the two algorithms based on the Iris 

dataset. The X axis corresponds to the percentage of labeled examples used in the 

training set. It can be seen that when the number of labeled examples is small (5%), 

the multi-view teaching algorithm outperforms its supervised equivalent with 

2.49% (classification accuracy: 82.56%). Using 90% of the labeled examples brings 

classification accuracy of 94.82%, but both algorithms have the same results; the 

multi-view teaching algorithm does not impose an improvement in the classification 

accuracy. The rest of the examples (10% unlabeled examples) do not bring any new 

information, even though the values of their classification function are correctly 

predicted by the stronger learner. There is an upper bound that restricts the 

performance of the semi-supervised algorithm. The semi-supervised algorithm 

cannot outperform its supervised equivalent, which is based on 100% labeled 

examples. 
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Fig. 17. Iris – classification accuracy, based on the percentage of labeled examples  

 

It can be seen from Table 6 that the yeast dataset also follows this pattern: 

when the number of labeled examples is small, the improvement is the highest.  Still, 

the rest of the datasets do not follow it. One reason is that even when using 90% of 

the labeled examples the classification accuracy (Red Wine Quality: 52.60%, 

contraceptives: 82.76%, diabetes: 82.76%) is not that high and the optimal one was 

not reached. There are representative unlabeled examples and their classifications 

are predicted most probably correctly by the multi-view teaching algorithm. Using 

90% labeled examples brings better classifiers (compared to those learned using 

5% labeled examples) and these classifiers have not reached their upper limits yet.  

5.5 Conclusion 

In this part a multi-view teaching algorithm was proposed. It uses two views 

and unlabeled examples. It is a modification of the standard co-training algorithm. It 

augments only the set of labeled examples of the weaker classifier.  

The aim of the experiment was to “simulate” a semi-supervised framework 

by using only a fraction of the examples as labeled instances. Multiple well-known 

datasets were explored - “diabetes”, “Iris”, “Red Wine Quality”, “contraceptives”, 
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“Yeast”. These datasets do not contain genuine views which are conditionally 

independent given the class. Still, the algorithm proved to be effective. In the semi-

supervised scenario the performance of the proposed multi-view teaching algorithm 

was evaluated and compared to a supervised one (naïve Bayes classifier). The 

results prove that using multiple views and unlabeled examples improves the 

classification accuracy.  

The promising results from the previous section inspired the application of 

the multi-view teaching algorithm to image segmentation (Part 6) – a teacher labels 

few pixels of an image beforehand and the rest of the pixels are used as unlabeled.  
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6. A Semi-supervised Image Segmentation 

System (SSISS) 

6.1 Image Segmentation 

Image segmentation [67] is the process of partitioning a digital image into 

regions or categories, which correspond to different classes. Every pixel in an image 

is allocated to one of the categories. Pixels with the same label (classification) share 

common visual characteristics. 

In image segmentation various approaches exist: 

- Thresholding  

It is based on a threshold value and transforms a gray-scale image into a 

binary image. The important part in this method is to select the threshold value, 

which separates the classes. 

- Otsu's method [17] (maximum variance).  

The Otsu’s method performs clustering-based image thresholding. It reduces 

a gray-scale image to a binary image. The algorithm assumes that the image contains 

two classes of pixels - foreground pixels and background pixels. It calculates the 

optimum threshold separating the two classes so that the intra-class variance is 

minimal or the inter-class variance is maximal. Otsu's method is a discrete analog 

of Fisher's Discriminant Analysis. 

- Different unsupervised clustering methods (EM-algorithm [52], kMeans 

[53]).  

Object segmentation [33, 68] extracts visual objects from an image. For 

example, in Fig. 18 the two images are manually segmented so that the two flowers 

are detected and extracted.  

http://en.wikipedia.org/wiki/Otsu%27s_method
https://en.wikipedia.org/wiki/Thresholding_(image_processing)
https://en.wikipedia.org/wiki/Variance
https://en.wikipedia.org/wiki/Linear_discriminant_analysis#Fisher.27s_linear_discriminant
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Fig. 18 Manual Object Segmentation 

 

The difference between object detection (face detection, detection of dogs, 

cats, etc.) and object segmentation is that the former is interested in only the 

presence or absence of an object in an image. Usually, there is a frame marking the 

placement of the object, whereas in object segmentation the mask (the desired 

segmentation) is the important part.  

Unsupervised object segmentation techniques decompose an image into the 

following classes: “object” and “background”, using features like: color, texture, 

shape, etc. The image is segmented in such a way that a mask can further be used 

differentiating between the segmented objects. There are no informed criteria for 

the type of objects we would like to extract. These image segmentation approaches 

do not rely on prior information. The algorithms rely only on the nature of the 

examples in order to segment the images. 

 If we performed a pure supervised segmentation, i.e. a classification 

algorithm, it is obvious we would need a training set, from which the classifier could 

learn. Because images are getting larger and larger and manual segmentation takes 

a lot of time, such a dataset is hard to collect. Imagine an expert labeling 1000 

images and defining which pixel in each image belongs to the class “pizza” and 

which does not. 

In such cases, when a labeled set of examples is difficult to collect, a semi-

supervised approach can be used.  
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Semi-supervised image segmentation makes use of unlabeled examples. 

Furthermore, multiple views can be explored so that the classification accuracy is 

improved. Regarding the need for such segmentation, a learning system in the field 

of semi-supervised multi-view learning was developed and evaluated.  

6.2 Semi-supervised image segmentation 

Semi-supervised image segmentation concerns how to obtain the 

segmentation from a partially labeled image. A “teacher” should label few points of 

each class, giving the algorithm the idea of the clusters. The aim is to augment the 

training set with more labeled examples, reaching a better predictor.  For instance, 

in Fig. 19 we want to learn the following two classes – “flower” and “not flower”. The 

teacher has already labeled two red points (class “flower”) and 2 black ones (class 

“not flower”). There is no supervised information concerning the rest of the pixels. 

Machine learning regards this problem as a binary classification problem – based on 

the labeled and unlabeled examples a function should be learned, which assigns 1/0 

(“flower” and “not flower”) to each unlabeled pixel. 

Since we are using the learned function to obtain predictions only for the 

unlabeled examples in the image and there are no new examples, which are not in 

the image, it makes the machine learning problem a trunsductive one. 

 

 

Fig. 19 Four labeled examples  
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There can be more than two classes and objects we would like to learn. It can 

be seen in Fig. 20 that the number of classes is three: “sky”, “building”, “tree”.  

  

Fig. 20 Learning Three Objects 

 

The “teacher” decides how many the number of classes will be - he is the one 

who defines beforehand what objects he wants to learn and segment. There might 

be various potential classes in an image.  

6.3 Characteristics of SSISS 

SSISS provides the user with semi-manual segmentation.  

 SSISS uses multiple sources of information.  

- the first view contains the coordinates of the pixels (x, y):  

view1 = (X, Y) 

- the second view contains the RGB values of the pixels (red, green, 

blue values ranging from 0 to 255: 

view2 = (R, G, B) 

The classifier, based on view2 which consists of the RGB values, is 

especially susceptible to insufficient training examples. view1 is the stronger 

one, as we usually want to segment objects, consisting of pixels, which are 

close to each other. 
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 SSISS benefits from unlabeled examples. A “teacher” labels only a 

small portion of the examples, the rest of the pixels are used as 

unlabeled instances (semi-manual segmentation). 

  SSISS is based on the proposed in part 5 multi-view teaching 

algorithm  

6.4 Software Architecture 

The developed semi-supervised image segmentation system was designed 

and tested on a DELL, XPS laptop - 8GB RAM, Intel i7-2630QM processor under 

Windows 7. It was written in C++, MS Visual Studio 2012. The architecture of the 

system can be seen in Fig. 21. Two external libraries were used – openCV and GSL. 

 

Fig. 21 Architecture of the image segmentation system 

6.4.1 External Libraries 

OpenCV [34] (Open Source Computer Vision) is an image processing library 

of programming functions for the computer vision society. Originally, it was 

developed by Intel research center in Nizhny Novgorod. It is also famous for its 

hardware optimization, especially for computers with Intel processors.  

https://en.wikipedia.org/wiki/Library_(computing)
https://en.wikipedia.org/wiki/Library_(computing)
https://en.wikipedia.org/wiki/Computer_vision
https://en.wikipedia.org/wiki/Intel_Corporation
https://en.wikipedia.org/wiki/Nizhny_Novgorod
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There is a machine learning module (MLL), which includes a set of classes 

and functions for statistical classification, regression, and clustering of data. The 

majority of the classification and regression implementations are C++ classes.  

1. Loading an image with OpenCv 

The class Mat can be used to store real or complex-valued vectors and 

matrices, grayscale or color images, and was used for pixel storing. 

Mat src = imread("image1.jpg"); 

Some useful functions concerning the Mat class are: 

 Mat::col(int x) : returns the column with index x 

 Mat::row(int x) : returns the row with index x 

 Mat::operator()(Range rowRange, Range colRange) : returns a sub-

matrix and is a generalized form of Mat::row() and Mat::col()  

For example: 

Mat view1 = train(Range(0, l), Range(0, VIEW_1)); 

all labeled examples (l is the number of labeled examples) from the train set 

train are returned but only the first VIEW_1 number of attributes are included in the 

submatrix. 

 Mat::zeros (int rows, int cols, int type) : creates a matrix with zeros 

 Mat::resize(size_t sz) : changes the number of rows 

 Mat::push_back(const Mat& m) : adds elements to the bottom of the 

matrix, the number of columns must be the same as in the 

container matrix. 

 Mat::pop_back(size_t nelems=1) : removes rows from the bottom of the 

matrix 

2. Naïve Bayes Classifier  

The built-in implementation of the naïve Bayes classifier was used in the 

image segmentation system - it estimates the most probable classifications of 

the unlabeled examples.  

CvNormalBayesClassifier classifier; 

classifier.train(lab, classes, Mat(), Mat(), false); 

  y = classifier.predict(unlabelled); 
 

http://docs.opencv.org/modules/core/doc/basic_structures.html#Mat Mat::row(int y) const
http://docs.opencv.org/modules/core/doc/basic_structures.html#Mat Mat::col(int x) const
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GSL (GNU Scientific Library) is a numerical library for C++ developers and it 

is a free software under the GNU General Public License. The library provides a wide 

variety of mathematical operators (more than 1000 functions). In the system the 

random number generator was used.  

 unsigned long int gsl_rng_uniform_int (const gsl_rng * r, 

unsigned long int n) 

This function returns a random integer varying in the range [0, n-1]. All 

values in the range [0, n-1] are produced with equal probability.  

6.4.2 Implemented Modules 

The following modules were implemented, as it can be seen in Fig. 22: 

  

  Fig. 22 Semi-supervised Segmentation - Modelling 

 

1. Data loader module: 

template<class ATTR_TYPE> 

void MVT<ATTR_TYPE>::loadData(char* f) 

 Attribute-relation File Format (.arff) parser for loading arff files.  

 Image loader – using the functionality of opencv  

2. Machine learning module  
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 Naïve Bayes classifier – using the functionality of opencv 

 Bayes classifier, based on Multivariate normal distribution 

template<class ATTR_TYPE> 

void MVT<ATTR_TYPE>::learnSupervised() 

 Multi-view teaching algorithm 

template<class ATTR_TYPE> 

  void MVT<ATTR_TYPE>::MVTCombine() 

3. Evaluation Module 

  Semi-supervised evaluation 

template<class ATTR_TYPE> 

 double MVT<ATTR_TYPE>::testMVT(LEARNER<ATTR_TYPE>& L1 ,  

        LEARNER <ATTR_TYPE>& L2) 

 Supervised evaluation 

template<class ATTR_TYPE> 

 double MVT<ATTR_TYPE>::testNB(LEARNER<ATTR_TYPE>& L) 

6.5 Evaluation of SSISS 

6.5.1 Dataset 

It was experimented with three images – Fig. 23, Fig. 24 and Fig. 25. 

The original images were segmented by a teacher into pre-defined classes. In 

Fig. 23, 24 and 25 (a) is a sample image and (b) - the distribution of pixels between 

the classes. Image (b) was used for evaluation of the multi-view teaching algorithm 

and represents the desired classifications of image (a)’s pixels. 

     

Fig. 23 (a) - original image, (b) – desired segmentation 
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Fig. 24 (a) - original image, (b) – desired segmentation 

 

     

Fig. 25 (a) – original image, (b) – desired segmentation 

6.5.2 Training and test sets 

As in the previous section the training set consists of a fraction of labeled 

examples from the original dataset. A small amount of pixels is chosen randomly; 

these pixels are added to D1. The rest of the instances have their classifications 

removed. These unlabeled examples are added to D2. A final training set is 

constructed:  

D = D1   D2. 

The test set contains all the examples in D2. We will evaluate the multi-view 

teaching algorithm based on these examples, by using the original classifications 

with respect to image (b).  

6.5.3 Monte Carlo Cross-validation 

For classification error estimation a Monte Carlo cross-validation was used, 

multiple random samples were averaged. A k-folded cross-validation can also be 

applied. As we require a limited and pre-defined size of labeled examples, the 

parameter k depends on it. The examples should be divided into folds, so that one 

fold contains all the labeled examples. K is the number of all examples divided by the 

number of labeled ones. The smaller the number of labeled examples, the bigger the 

number of folds. Furthermore, to reduce variability, multiple rounds of cross-

http://en.wikipedia.org/wiki/Variance


PhD thesis: Learning from multiple sources of data 

 

 

  - 98 -                                                 

validation steps should be performed using different partitions, and the validation 

results should be averaged over the rounds. 

6.5.4 Experimental Results 

 Comparison of the multi-view teaching algorithm, based on naïve Bayes 

classifiers (for the underlying learners) to a supervised naïve Bayes classifier: 

The image from Fig. 23 consists of 50700 pixels. At each cross-validation step 

only a small amount of labeled pixels is used. Multiple tests were held depending on 

the number of labeled examples (4, 6, 10, 16, 20, 50 pixels). For example, the teacher 

labels four points in the image (two for each class) and the rest 50696 examples are 

used as unlabeled.  

The performance of the multi-view teaching algorithm (MTA) based on Naïve 

Bayes Classifiers is compared to its supervised equivalent (NB), depending on the 

number of labeled examples. The average classification accuracy after the process of 

cross-validation can be seen in Table 7.  

 

Table 7 MTA vs NB, based on the number of labeled pixels 

Algorithm 4 6 10 16 20 50 

NB 63.30% 76.23% 85.44% 89.57% 90.33% 92.37% 

MTA 68.62% 81.30% 88.14% 90.74% 91.24% 92.51% 
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Fig. 26 MTA vs NB, based on the amount of labeled examples 

 

It can be seen from Fig.26 that the multi-view teaching algorithm 

outperforms the Naïve Bayes classifier. It dominates especially when the number of 

labeled examples is small and the supervised classifier suffers from insufficient 

number of training examples. It can also be seen in Fig. 26 that using 50 labeled 

examples (out of 50700 pixels) brings close results (for both algorithms) 

(MTA:92.51% vs NB:92.37%), which was already discussed in part 5. 

The performance of the algorithms for the three images (Fig. 23, Fig. 24, and 

Fig. 25) is compared in Table 8. Sixteen initial points are labeled (8 for each class). It 

was experimented with multiple thresholds and the one chosen was such that at 

least 10 examples could surpass it (used as labeled examples).   

 

Table 8 MTA vs NB, 16 labeled examples 

  MTA NB 

Image 1 90.74% 89.57% 

Image 2 80.76% 78.82% 

Image 3 90.10% 89.12% 
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The cross-validation steps would be hard to perform, without the 

optimization of the openCV library. Little research has been performed in this area 

so far, due to the tedious evaluation process, the small amount of labeled examples 

and the large number of cross-validation steps.  

The performance of the algorithm is evaluated based on different samples of 

randomly chosen labeled examples. The teacher, who will be responsible for this 

process is expected to label representative examples which will lead to better 

classification accuracy. 

Another point worth mentioning, is execution speed. It has already been 

mentioned that the original co-training algorithm is not appropriate for datasets 

consisting of large amounts of examples. For example, an 18-megapixels image has 

4896x3672 points, which makes 17,978,112 examples in the dataset. Another major 

execution speed advantage of the multi-view algorithm is the partition of attributes 

into views which can also impose a major speedup for some classification 

algorithms (the complexity depends on the number of attributes used for learning). 

‘Divide and conquer’ has been a positive strategy in many informatics fields and it is 

a cure for the curse of dimensionality. 

 Comparison of the multi-view teaching algorithm, based on multivariate 

normal distribution (MND-MVTA) and a Bayesian supervised classifier based on 

multivariate normal distribution (MND-SL): 

The performance of the multi-view teaching algorithm based on two MND-SL 

classifiers has also been evaluated for the images from Fig. 23, Fig. 24, and Fig. 25. 

Sixteen initial labeled examples were used. It was experimented with multiple 

thresholds and the one chosen could be surpassed by at least 10 examples, which 

could then be used as labeled examples. The performance of the algorithms is 

compared in Table 9. It can be seen from the table that the multi-view teaching 

algorithm outperforms its supervised equivalent. The reason for the scope of the 

improvements lies in the very multivariate distribution, which is also heavily 

influenced by the small (insufficient) number of labeled examples.  
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A fine-tuning procedure was also used so that the covariance matrix becomes 

invertible (eps is a small number):  

epsyy   

 

Table 9 Comparison of the two algorithms, 16 initial labeled examples 

Algorithm MND-MVTA MND-SL 

Image 1 84.36% 79.22% 

Image 2 79.14% 73.74% 

Image 3 86.02% 80.18% 

 

6.6 Conclusion 

In semi-supervised image segmentation there is an expert in the field who is 

responsible for labeling few pixels of an image. For example, a Photoshop user 

selects a small amount of pixels with the mouse and defines what classes they 

belong to. The rest of the pixels are used as unlabeled.  

The proposed in part 5 semi-supervised multi-view teaching algorithm was 

applied in the system and compared to a supervised equivalent. Two types of 

classifiers were used for the underlying learners: a naive Bayes classifier and a 

Bayes classifier, based on multivariate normal distribution. The results show that 

the semi-supervised algorithm outperforms its supervised equivalent and is 

especially effective when the number of labeled examples is small.  
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Conclusion 

A predictive system is an autonomous agent that relies on past history, or a 

training set of labeled examples and learns a classifier in order to forecast events 

that will happen in the future (simulates intelligent behavior). Yet, there are areas of 

research, where there is not enough labeled data to train a good classifier. The 

current dissertation focuses on such problems and uses multiple sources of 

information in conjunction with unlabeled examples.  

Two approaches to semi-supervised multi-view learning are proposed (the 

semi-supervised multi-view genetic algorithm and the multi-view teaching algorithm). 

They are further applied to two domains – sentiment analysis in Bulgarian and 

semi-supervised image segmentation. The importance of these fields inspired the 

implementation of two learning system: 

 SASBG - a semi-supervised multi-view learning system for sentiment 

analysis from texts in the Bulgarian language; 

 SSISS - a semi-supervised multi-view learning system for image 

segmentation. 

The Bulgarian language and sentiment analysis applied to it are an area that 

has been little researched, and insufficient information has been a burning problem. 

In this area, there are not enough labeled examples. To overcome these difficulties, 

unlabeled examples are used and the proposed semi-supervised multi-view genetic 

algorithm is applied. The World Wide Web abounds in English labeled examples; 

they are easy to find. The labeled instances were automatically translated into 

Bulgarian with Google translate so that a second view is formed. SASBG also uses 

genuine Bulgarian unlabeled instances. These unlabeled reviews were translated 

into English. The results from the previous section show that using unlabeled 

examples decreases the error of the system. The semi-supervised multi-view 

algorithm outperforms its supervised competitors. 
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Since genetic algorithms are iterative procedures, taking into consideration 

the large number of features and number of examples, in SASBG a modern 

distributed framework was developed. This system makes use of technologies like 

Hadoop and Spark, which played a major role in the evaluation of the performance 

of the algorithm.  

SSISS uses the proposed in this dissertation multi-view teaching algorithm. It 

requires prior knowledge about the classes, an expert who labels a few examples 

beforehand. The rest of the pixels are used as unlabeled. Two views are used. The 

first view contains the coordinates of the pixels and the second – the RGB values of 

the pixels. The results from the previous section show that using unlabeled 

examples in conjunction with multiple sources of information improves the 

classification accuracy of the algorithm. The multi-view teaching algorithm 

outperforms its supervised competitor. 

Future Works 

1. SASBG 

 It should be experimented with more application domains, not only 

movie reviews. Another hot area in sentiment analysis is sentiment 

analysis of hotel/location/holiday reviews in Bulgarian.  

 It should be experimented with labeled and unlabeled examples from 

heterogeneous domains. Domain propagation should be explored, so 

that we can train the system in one domain and apply it to a different 

one. 

 More training and test examples should be collected and used as the 

system is able to support a large amount of data. 

 More translation tools should be explored – not only Google translate, 

but Reverso, Linguee, etc. They can form even more views; currently it 

is experimented with only two views.  

 

2. SSISS: 
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 The system should be tested with more images – even thousands. 

Such a domain of classified (segmented images) is hard to find.   

 It should be further ported for parallel computation. Considering the 

large size of images nowadays, algorithms running on a cluster of 

machines are required. Space cameras can record multiple images in a 

second with high resolution.  

Scientific Contributions  

 Two new methods for semi-supervised multi-view learning are 

developed: 

 the semi-supervised multi-view genetic algorithm.  

The common error, which depends on multiple sources of 

information is minimized. 

 the multi-view teaching algorithm. It is a modification of the 

standard co-training algorithm and improves only the weaker 

of the classifiers. 

 Design of experiments - so that the proposed methods can be 

evaluated; 

 Conducting experiments - tailor-made datasets were collected for the 

purposes of the experiments; 

 Analysis of the experimental results. 

Applied Contributions 

 SASBG - a semi-supervised multi-view learning system for sentiment 

analysis in the Bulgarian language is designed and developed. It is a modern 

distributed system and parallel calculations can be executed simultaneously; 

 SSISS - a semi-supervised multi-view image segmentation system is 

designed and developed;  
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