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Abstract. In many tasks associated with the large data sets processing, often arises a problem of com-

pression with minimal loss of information in order to select the most essential features that define the nature 

of the phenomenon under investigation, data visualization, their transmitting over channels with limited 

bandwidth, etc. For solving such tasks principal component analysis (PCA) is widely used. This task is, also 

known as algebraic eigenvalue problem, or Karhunen-Loeve transformation. In situation when data sequen-

tially are fed to processing in on-line mode, their volume is not known beforehand, and the system that gen-

erates the data is non-stationary, the traditional algorithms that implement the method of principal compo-

nents loses its effectiveness and adaptive procedures based on neural network technology have to be used. In 

this regards, multistep self-learning rule for adaptive linear associator designed for finding eigenvalues and 

eigenvectors of the correlation matrix data that sequentially are fed to processing in on-line mode had pro-

posed. This rule is a generalization of D. Hebb and E. Oja algorithms, used for neural networks training, 

implementing the method of principal components. 

Key words: Data Mining, Text Mining, Web Mining, principal component analysis (PCA), principal 

components space, data compression, eigenvector. 

 

Introduction 

In many tasks associated with Data Mining, 

Text Mining, Web Mining the problem of large ar-

rays compression arises. For solving such tasks prin-

cipal component analysis (PCA) is widely used, 

consisting in the orthogonal projection of data vec-

tors         1 , 2 ,..., ,..., nx x x k x N R  from the 

original n dimensional space to the reduced 

m dimensional space  m n , called principal 

components space. Mathematically this method re-

duces to the search of system
 1w , 2w ,…, mw  of 

n dimensional orthogonal eigenvectors of the cor-

relation matrix that are previously centered relative-

ly to the mean of initial data, wherein the vector 

 1 11 12 1, ,...,
T

nw w w w  corresponds to the first ei-

genvalue 1  of the correlation matrix, 2w  second 

largest (dominant) eigenvalue etc. From a formal 

viewpoint, this problem reduces to finding solutions 

of the matrix equation 

     0j nn jR N I w                       (1)  

such as 1 2 ... 0m       where 

1jw  . 

Here 
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 n n   data correlation matrix, 
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(3) 

This task is, also known as algebraic eigenvalue 

problem, or Karhunen-Loeve transformation, well 

studied and solved assuming that input dataset of 

observations  1x ,  2x ,…,  x N , had been com-

pressed, is a priory given, and its characteristics 

doesn’t change with time. In situation when data 

sequentially are fed to processing in on-line mode, 

their volume is not known beforehand, and the sys-

tem that generates the data is non-stationary, the tra-

ditional algorithms that implement the method of 

principal components loses its effectiveness and 

adaptive procedures based on neural network tech-

nology have to be used [1–3].  
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In this regard, it is necessary to synthesize fast 

on-line learning algorithms, that can be used for the 

principal components estimation data streams, that 

are fed in the on-line mode. 

1. Problem statement 

In order to find first principal component and 

the corresponding eigenvector 
1w  E. Oja [4, 5] using 

D. Hebb normalized learning rule [2] proposed self- 

learning algorithm for adaptive linear associator 

(Adaline) 

     1 1

Ty k w k x k  (4) 

that minimizes local (one-step) learning criterion 

(energy function, Lyapunov function) 

     
21

ˆ
2

E k x k x k  , 
(5) 

where  1w k   the current estimate of Adaline’s 

synaptic weights, that coincides with first eigenvec-

tor
1w ; 

 1y k   current estimate of the first principal com-

ponent; 

 x̂ k     1
ˆw k y k   restored ("un-

compressed") estimate of the centered input signal 

 x k . 

Let’s notice too, that in the present time for the 

Adalines learning, set of algorithms are developed, 

out of which the most popular is one-step procedure 

proposed by Widrow–Hoff, but all these algorithms 

are based on the supervised learning paradigm. The 

known algorithms are based on the recurrent least 

squares methods and used for stationary signals pro-

cessing. In respect of the self-learning mode, the 

most popular procedures are based on the one-step 

gradient Oja’s algorithm. 

Considering that the gradient of criterion (5) re-

spectively to synaptic weights has the form 
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Oja’s rule for the first eigenvector can be writ-

ten in the recurrent form  

     

        
1 1

1 1 1

1

,

w k w k k

y k x k w k y k

   

 
 

 

(6) 

and considering (4) –  
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(7) 

where  k   learning rate parameter, chosen ac-

cording with the A. Dvoretsky’s conditions [6].  

In this case, instead of (2), (3) recurrent esti-

mates can be used 

        
1

1 1
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x k x k x k x k
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(9) 

Thus, relations (6) and (7) essentially are sto-

chastic approximation procedures, characterized by 

a low speed of convergence and unsuitable for using 

in non-stationary conditions. 

In this regard in [7–9] Oja’s modified rule was 

introduced in the form 
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(10) 

having the increased speed and extra smoothing 

properties, which are provided by a variable smooth-

ing parameter  .  

Thus instead of (8), (9) it’s naturally to use rela-

tions 

       1 1 1x k x k x k      , 

         1 1 1 1TR k R k x k x k       . 

In this case, the algorithm (6) and rule (10) are 

generated by the one-step criterion (5), that is, on 

each iteration accounted only one current observa-

tion  1x k   that limits the ability of these proce-

dures. 

2. Hebb−Oja multistep rule 

In [10] it was shown that the problem of finding 

the dominant eigenvalue and eigenvector can be solved 

by optimization of global criterion 
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with constraints 

1Tw w  . 

Introducing the Lagrange function 

     , 1T TL w w R N w w w     (11) 

and solving the system of Karush – Kuhn – Tucker 

equations  

   

 

, 0,

,
1 0,

w

T

L w R N w w

L w
w w

 





   



  


 

we obtain the expressions 
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(12) 

thus comparing the second equation in (12) with (1), it 

can be concluded that the Lagrange’s undetermined 

multiplier   in (11) has a since of eigenvalue 
1  in (1). 

Since the equation 

     0T

nnR N w R N wI w   

that follows from (12), obviously doesn’t have analyti-

cal solution so for finding the saddle point of the La-

grangian (11) we can use the Arrow – Hurwitz proce-

dure  
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(13) 

where 0,1,2...    machine time iterations. Taking 

into account the first equation (12) instead of (13) we 

can introduce Hebb – Oja multistep rule in the form 
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(14) 

Comparing (14) with (7) we can note that (13) is a 

generalization of (7) and coincides with it when 

     TR N x N x N . 

Self-learning rule (14) can be easily adapted to the 

situation when data  x k  are fed sequentially to the 

processing in on-line mode. This assumes that between 

the two real-time moments k  and  1k   it can be 

realized  0,1,2,...,T T   computer time cycles. 

Wherein 
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   1 11,0 ,w k w k T  , 

and for computing  1R k   expressions (8), (9) are 

used. 

In nonstationary situations it’s easy to implement 

the computational procedure at the sliding window s , 

wherein 
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(15) 

When 1s   the rule (15) takes the form 
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and practically coincides with (7), however has derived 

from entirely different assumptions. 
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Thus, by solving the optimization problem (11) 

Hebb–Oja multistep self-learning rule can be obtained. 

3. Experimental modeling 

Efficiency of proposed multistep self-learning rule 

for adaptive linear associator is demonstrated in table 

1, and has been investigated on data sets from the UCI 

repository and compared with the principal component 

analysis (PCA), and adaptive linear associator “bottle 

neck”. For the first experimental series, three marked 

data sets of observations were taken. Data set “Iris” 

consists of 150 observations; each of all observations 

has 4 features. Data set “Wine” consists of 178 obser-

vations; each of all observations has 13 features. Data 

set “Wisconsin Diagnostic Breast Cancer” (WDBC) 

consists of 569 observations; each of all observations 

has 30 features. The working results of the principal 

component analysis (PCA), and adaptive linear associ-

ator “bottle neck” were compared with the multistep 

self-learning rule for adaptive linear associator. The 

average, minimum and maximum results for a series of 

50 experiments are shown in table 1 and time required 

is shown in table 2. As estimates of the results mean 

absolute percentage error was used MAPE. 

Efficiency of the adaptive linear associator 

based on multistep self-learning rule higher and 

more stable than PCA and adaptive linear associator 

“bottle neck” is shown by experimental series. 

Although the proposed algorithm is more bulky 

in computational point of view comparatively whit 

the standard one-step Oja’s rule, it’s provides high 

operating speed and also can be used for processing 

of nonstationary short data sets in on-line mode. 

 

Table 1 

Comparison of different data sets compression accuracy. 

Methods for data compression  
 

Iris 
 

 Wine Cancer 

min avg max min avg max min avg max 

PCA 60 72 79 68 71 73 55 67 73 

Adaptive linear associator “bottle neck” 54 65 69 49 60 70 57 64 75 

Adaptive linear associator based on  multi-

step self-learning rule 

58 69 73 59 66 69 66 69 76 

Table 2 

Time required comparison of investigated methods for data compression. 

Methods for data compression 
 

Time(s) 
 

Iris Wine Cancer 

PCA 0.02 0.58 2.527 

Adaptive linear associator “bottle neck” <0.01 0.13 0.28 

Adaptive linear associator based on multistep 

self-learning rule 

<0.01 <0.01 0.01 

Conclusions 

Multistep self-learning rule for adaptive linear 

associator designed for finding eigenvalues and ei-

genvectors of the correlation matrix data that se-

quentially are fed to processing in on-line mode had   

 

suggested. This rule is a generalization of D. Hebb 

and E. Oja algorithms, used for neural networks 

training, implementing the method of principal com-

ponents.  
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The proposed system provides high operating 

speed and is designed for solving Data Stream Min-

ing and Dynamic Data Mining tasks in conditions of 

nonstationary input data processing that are sequen-

tially fed to processing in the on-line mode. 
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АДАПТИВНАЯ МНОГОШАГОВАЯ МОДИФИКАЦИЯ ПРАВИЛА САМООБУЧЕНИЯ  

В ЗАДАЧЕ АНАЛИЗА ГЛАВНЫХ КОМПОНЕНТ 

 

Е. В. Бодянский, А. А. Дейнеко, М. А. Шаламов 

Харьковский национальный университет радиоэлектроники 

 

Анотация. В статье предложено многошаговое правило самообучения адаптивного линейного 

ассоциатора, предназначенное для нахождения в on-line-режиме собственных значений и векторов 

корреляционных матриц данных, последовательно поступающих на обработку. 

Ключевые слова: интеллектуальный анализ данных, анализ главных компонент, компрессия 

данных, собственный вектор, нейронная сеть. 
 

АДАПТИВНА БАГАТОКРОКОВА МОДИФІКАЦІЯ ПРАВИЛА САМОНАВЧАННЯ  

В ЗАДАЧІ АНАЛІЗУ ГОЛОВНИХ КОМПОНЕНТ 

 

Є. В. Бодянський,  А. О. Дейнеко,  М. О. Шаламов 

Харківський національний університет радіоелектроніки 

 

Анотація. У статті запропоновано багатокрокове правило самонавчання адаптивного 

лінійного асоціатора для знаходження в послідовному режимі власних значень та власних векторів 

кореляційних матриць даних, які послідовно надходять на опрацювання. 

Ключові слова: iнтелектуальний аналіз даних, аналіз головних компонент, компресування даних, 

власні вектори, нейронна мережа.  
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