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Abstract: The paper deals with methods which utilize neural networks in retrieval 

of text documents from web. These methods can be very useful for retrieval from 

very large collections of documents such as web. The experiments made with 

these methods was made on relatively low collections of documents but they 

perform very well on them. Moreover these methods reduce the dimension of term 

space, so they reduce the size of document collections which they are used for. 

From this reasons they may be suitable for retrieval of text documents from web 

in the future. 
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1 Introduction 

The amount of information on web is huge. There are lots of text documents images, 

audio files, videos and a lot more. This paper gives overview of retrieval methods 

from text documents which utilize neural networks by performing dimension 

reduction from text document space. The dimension reduction is performed on the 

base of Principal Component Analysis (PCA), a statistical technique that extracts 

main components from statistical data. The three approaches for dimension reduction 

of text documents are described there. The first is by Singular Value Decomposition 

(SVD) and it is an analytical method, the second method utilizes Hebbian neural 

network with Oja learning rule and the third method uses autoassociative neural 

network.  

 All three methods reduce the dimension of keyword space to a much lower size. The 

document collection is represented in a Vector Space Model representation where 

each document is represented as a vector of occurences of terms or as a vector of 

frequencies of terms. All document vectors then create a Vector Space Model matrix. 

By the used dimension reduction methods the size of the text document vectors is 

greatly reduced to a few features. These features do not represent terms, only some 

mixtures of terms, but the accuracy of retrieval is retained to a highest degree.  
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2 Information Retrieval from Text Documents 

The information retrieval system serves for finding relevant document to the user 

query. 

 The user poses query to that system, system finds relevant documents to that query 

and returns them back to the user as an answer. Query in our case is posed as a set of 

terms which is then represented as a term vector and document relevance is based on 

Euclidean measure between the query representation and document representation. 

The most relevant documents have lowest Euclidean measure to the user query. 

3 Vector Space Model 

To be able to use methods mentioned above, the document collection must be 

represented as a bag of words, which is represented by a VSM matrix of documents 

and terms where each row represents one term and each column represents one 

document. Let 𝒅𝒋 = (𝒙𝟏𝒋, … , 𝒙𝒎𝒋) be a representation of document 𝒅𝒋, 𝒎 be 

a number terms in the whole collection, and 𝒏 be a number of documents in the 

collection. Then the VSM matrix 𝑿 is a matrix 

 

𝑿 = (

𝒙𝟏𝟏 𝒙𝟏𝟐 … 𝒙𝟏𝒏
𝒙𝟐𝟏 𝒙𝟐𝟐 ⋯ 𝒙𝟐𝒏
⋮

𝒙𝒎𝟏

⋮
𝒙𝒎𝟐

⋱ ⋮
⋯ 𝒙𝒎𝒏

)      (1) 

 
where each column represents one document as a document vector, each row 

represents one term and each element 𝒙𝒊𝒋 represents frequency of 𝒊-th term in the 𝒋-th 

document.  

 

4 Singular Value Decomposition 

First dimension reduction method of VSM matrix described in this paper is Singular 

Value Decomposition (SVD) [1, 2, 7]. SVD is statistical method, which divides 

matrix 𝑿 into product of three matrices: 

 
𝑿 = 𝑼𝑺𝑽𝑻        (2) 

 
where 𝑼 is the 𝒎×𝒎 matrix of left singular vectors, 𝑽 is the 𝒏 × 𝒏 matrix of right 

singular vectors and 𝑺 is the diagonal matrix of positive singular values. Matrix 𝑺 is 



𝒎× 𝒏 zero matrix with nonzero singular values on its diagonal that are ordered in the 

descending order from top left to bottom right.  

The dimension reduction consists in replacing the lowest singular values in matrix 𝑺 

with zero and retaining only first 𝒓 dimensions, where 𝒓 is the dimension to which we 

want to reduce. The last rows of matrix 𝑺 are replaced also by zero, so there leave 

only first 𝒓 rows and last rows of matrix 𝑽 are also replaced by zero, so there leave 

only first 𝒓 rows also. The reduced representation of document is then given by 

 
𝒅𝒋𝒓 = 𝒅𝒋𝑽𝒓𝑺𝒓

−𝟏        (3) 

 
where 𝒅𝒋𝒓 is the reduced representation of document 𝒅𝒋, 𝑽𝒓 is the reduced form of 

matrix 𝑼, and 𝑺𝒓
−𝟏 is the inverse of matrix 𝑺𝒓, which is the reduced matrix 𝑺.  

Reduced documents preserve maximal accuracy. In other words, when two 

documents are similar in term vector representation, they are also similar in the 

reduced representation. Similarity can be measured by Euclidean distance between 

them. 

5 Hebbian Neural Network with Oja Learning Rule 

Second described dimension reduction method for text document retrieval is the 

Hebbian neural network with Oja learning rule. It is the neural network approach to 

the dimension reduction.  

Hebbian neural network with Oja learning rule is unsupervised neural network that 

reduces the dimension of input document to the much lower dimension, so the effect 

is the same as in the SVD method [3, 5]. Hebbian neural network with Oja learning 

rule is depicted on figure 2. 
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Fig. 2. Hebbian neural network with Oja learning rule 
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The only one input to this neural network is document representation that comes on 

the input layer. The output is reduced representation of document that appears on the 

output. Between input and output layer is the weight matrix 𝑾. To obtain reduced 

representations of documents, one must train the neural network. 

 As it was said, Hebbian neural network with Oja learning rule is unsupervised 

neural network. As a training set serves the whole document collection represented by 

VSM matrix 𝑿. At the beginning the weights are set to small random values. The 

document representations come on the input of the neural network. These 

representations are multiplied by the weight matrix and the output 𝒚𝒋 is obtained. On 

the base of input document 𝒅𝒋, and obtained output 𝒚𝒋 the weight change is computed 

by the formula 

 

𝒘𝒌𝒊(𝒕 + 𝟏) = 𝒘𝒌𝒊(𝒕) + 𝜸(𝒕)𝒚𝒌𝒋(𝒙𝒊𝒋 − ∑ 𝒚𝒌𝒑𝒘𝒑𝒊(𝒕)𝒑 )   (4) 

 
The training set is brought on the input several times, until the network is not trained, 

the weight change is low. 

 After the training all documents from the document collection are continuously 

brought on the input and on the output appear the reduced representations of them. 

These documents have the same property of similarity as the reduced documents 

obtained by SVD. The less is the Euclidean distance between their term 

representations, the less is their Euclidean distance between their reduced 

representations. 

 Hebbian neural network with Oja learning rule has also its nonlinear version when 

the nonlinear activation function is used. 

6 Autoassociative neural Network 

The third neural network for dimension reduction of text documents representations is 

autoassociative neural network [5]. Autoassociative neural network for dimension 

reduction uses unsupervised learning algorithm and backpropagation learning rule. 

Autoassociative neural network after trainig serves to reduce the dimension of 

documents what is the same purpose as in the previous two methods. Autoassociative 

neural network is depicted on figure 3. 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 Input Layer  Hidden Layer     Output Layer 

 Document  Reduced Document    Computed Output 

 Representation  Representation 

 
Fig. 3. Autoassociative neural network 

 
Autoassociative neural network is a three-layer feed-forward neural network. Input 

and output layer serve as a document representation, hidden layer serves as a reduced 

document representation. 

 As a training set serve all documents from the document collection. The weights are 

at the beginning set to small random values. In the training phase, each document 

comes on the input of the neural network and the output is obtained: 

 
𝒐𝒋 = 𝒅𝒋𝑾𝑽        (5) 

 
The output is compared with input 𝒙𝒋 and the error is backpropagated thrue the 

network and the weights are changed. The whole document collection should be 

brought on the input several times until the weight change is not small enough.  

 After training the neural network the whole document collection is brought on the 

input document by document and in the hidden layer appear the reduced document 

representations. 

 Also autoassociative neural network has its nonlinear version that can be obtained 

by applying nonlinear activation function before the hidden and output layer. 

7 Experiments 

Different experiments were made for different document collections. On the graph it 

is shown the F-measure of the example collection of 21 keywords and 28 documents 

where dimension reduction of the three methods, the Hebbian neural network, the 
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autoassociative neural network and the LSI method. In this graph it can be shown that 

the F-measure grows with growing dimension and approximately from the dimension 

6 it equals 1. 

 

 

7 Conclusions 

Different experiments were made for all three methods with different document 

collections. All three methods perform very well even for very small dimensions. In 

the artificial collection of 1020 documents and 80 terms the methods gave exact 

results from around the dimension six. On the real collections the results were worse, 

but also good. On the real collections, the methods gave better results when the tfidf 

weighting was made before applying these methods. Worse results on real collections 

come out from fact that the document retrieval was not exact also in the vector space 

model while the artificial document collections were proposed in such a way that they 

in the original VSM representation gave exact results.  

 From the different experiments made, it follows that the linear autoassociative 

neural network gave best results. Its nonlinear version was not tried enough time to be 

able to compare it with other methods, so its results are not discussed here. SVD and 

linear Hebbian neural network gave worst results, in the middle there is nonlinear 

Hebbian neural network, which gave average results in comparison with other 

methods. 

 In the end it can be said that all described methods can be used for dimension 

reduction of text document representations with good results what was proven on 

small document collections and what makes these methods promising to use also on 

large document collections.  
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