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Abstract—This paper deals with different text structure 
synthesis methods using the concept of hidden parameters. Three 
main methods of text structure synthesis using the concept of 
hidden parameters were described in this paper: information, 
parametric and non-parametric. The hidden parameters concept 
implies the texts structural invariants identification, which allows 
considering only meaningful characteristics for solving a 
particular problem. The concept of hidden parameters allows 
text structures patterns detection in the form of invariants and 
forming summarizing text model as a multidimensional object. 

Keywords— text analysis, text data, parametric synthesis, non-
parametric synthesis, information synthesis 

I.  INTRODUCTION  
Nowadays need in effective text information processing 

methods is increasing due to enormous amounts of text data in 
the digital form. Tasks of text structures analysis and synthesis, 
that is, a set of stable links of the text description features that 
provide its integrity and basic features preservation, are very 
important. 

The article deals with features of the information, 
parametric (classical) and nonparametric synthesis of text 
structures from the point of the hidden parameters concept. 

Hidden parameters are the system-organizing characteristics of 
the object and characterize text structures. The hidden 
parameters concept allows discovering the text structures 
patterns in the form of invariants (universal, author’s, topic) 
and forming summarizing text model as a multidimensional 
object, investigate its functioning mechanisms in the tasks of 
clustering, classification and identification of texts [1]. 
Classification refers to texts assignment to predefined classes, 
clustering - division of the given texts set into homogeneous by 
some criteria groups and identification refers to revealing the 
identity of objects or their attributes or properties. 

Parametric and nonparametric synthesis are traditionally 
used in the multidimensional data processing tasks. Parametric 
synthesis can be described as the process of determining 
parameters of elements of a synthesized object with a 
predetermined object structure. Nonparametric synthesis – as 
the process of determining the structure of an object and the 
parameters values of its constituent elements. Information 
synthesis plays especial role in text data processing. The 
information measure is used in the synthesis to determine the 
structure, parameters and other characteristics of text elements 
as a criterion. 
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II. PARAMETRIC SYNTHESIS 
The parametric synthesis methods are based on the 

assumption that text data described by distributions from 
parametric families, that is, under the given distribution law 
assumption. Therefore the task is in determining of unknown 
distribution parameters. Multidimensional normal distributions 
are considered as usual. Often the hypothesis that covariance 
matrices for different classes coincide is accepted. 

The distribution densities or their estimates usage is based 
on the Neumann-Pearson lemma, according to which the most 
powerful criterion for testing simple statistical hypotheses is 
the likelihood ratio [2]. 

Suppose that in some n -dimensional features it is possible 
to characterize a set of objects by unknown probability 
distribution )(xP . For training set X  the appearance of 
elements of which also corresponds )(xP , the distribution by 
given k  classes is known. That is, there is some variable y  
that determines the assignment of an object to a class x : 
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From the point of the hidden parameters concept, the 
variable y   reflects the hidden parameter – the invariant of the 
class, corresponding to the elements from one class. 

For clarity, we consider the case of two classes, which can 
be extended for the case with many classes. Suppose there are 
defined two sets of objects representing a points in n -
dimensional space W  and the probability densities )(xf  and 

)(xg  correspond to these sets are known [3]. It is necessary to 
build a separation in space in that way so as many points from 
one class lying on the one side of the boundary and from other 
class – on the opposite side. That is, the boundary defines an 
area such that: 
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To build a separation, it is necessary to minimize the 
probability of false classification: 

min)( 
R

dxxg   (4) 

On the basis of equation (3) minimization criterion can be 
written: 

min))()(( 
R

dxxfxg  (5) 

The desired partition can be obtained if to the set R  there 
will be assigned points for which the condition is true: 

0)()(  xgxf   (6) 

In that case the boundary R  is given by equation, i.e. it is 
determined by the likelihood ratio: 
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The parametrical synthesis of text structures includes most 
methods and algorithms for data classification such as the 
supervised learning. It is assumed that the general structure and 
classification criteria are known in advance and during the 
synthesis process specific parameters of the objects of each 
class are determined and according to the revealed data, a 
classification of unknown texts is performed. The parameters 
of objects and the structure of classes depend on classification 
tasks and classification criteria: thematic, linguistic, stylistic, 
etc. 

The methods of parametric synthesis can also be attributed 
with a classification using recurrent neural networks (RNN). 
Neural networks with recurrent architecture are successfully 
used to solve problems in machine learning. They are so called 
due to the presence of feedback in the neuron, which allows 
taking into account its previous states. 

The hidden state of a recurrent neuron contains the 
information about its previous hidden state and also known as 
the RNN’s “memory”. The memory allows taking into account 
previous elements from training data sequence. 

Such networks outperform traditional feedforward nets and 
gain the ability to get the better models. Nevertheless, there are 
some constraints imposed on the processed data sequence 
length. These constraints are linked with the common for RNN 
and feedforward neural networks issue of vanishing gradient. 
This issue results in the freezing of the network learning 
process. 

There are some key points in the network learning 
process: 

1. Vectors of the weight coefficients initial initialization. 
It is recommended [4] to use a sample of random 

variables in range ]1;1[
nn

 , where n  – vector 

dimension. 

2. Applying a cost function to calculate net error. The 
cross entropy function can be used as a cost function: 





Nn

nn oy
N

oyL log1),(  (8), where y  – correct 

sequence, o – the network output, n  – the index at a 
sequence, N  – the number of sequences. 

3. Gradient calculation of the network hidden parameters. 

4. Applying gradients for hidden parameters adjustment. 

The aim of network learning process is to determine the 
vectors of weight coefficients for the loss function 
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minimization by any optimization algorithm, for example, by 
the stochastic gradient descent method (SGD). During 
learning process, training data is transferred in the loop to the 
network input. One complete cycle iteration is called an 
epoch. At each epoch the back propagation through time 
(BPTT) algorithm is performed, in which the gradients of the 
vectors of the weight coefficients are calculated. After BPTT 
completion, vectors of the weight coefficients are adjusted up 
by the following equation: 



 

dW
dLW *   (9) 

where 
dW
dL – the obtained gradient,  - the learning step. 

The Long-Short-Term-Memory (LSTM) network [5] is 
quite popular kind of the RNN. In addition to the recurrent 
connection and, as a consequence, its memory, network is 
designed to reduce the impact of the vanishing gradient 
problem. This is achieved through the filters usage. 

The LSTM cell structure is shown on Fig. 1. 

  
Fig. 1.  The LSTM cell structure. 

The LSTM equations are: 
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Here  – the sigmoid function xe
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Where th – the cell output, tanh is the hyperbolic tangent 
function: 

1
1)tanh( 2
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andis the element wise product operation, tc  - the 
internal state of the cell. 

Gates ofi ,,  are input, forget, output gates respectively. 
The sigmoid function squashes values of passed vectors to the 
interval from 0 to 1. Threshold for passing a vector through a 
gateway is determined by gates and other vectors elementwise 
multiplication. Thus, gates regulate how much of vectors are 
passed through them. A value of 0 closes the gate and a value 
of 1 opens it. The vector g contains new candidate values 
scaled by the forget gate. The cell state c – its internal memory. 
It is the product of the previous state and the forget fate. Based 
on its memory the cell calculates its output. 

In addition to neural networks, parametric methods can also 
be attributed with Support Vector Machines (SVM), Mountain 
Clustering method, fuzzy c-means (FCM) method, Kernel 
Fuzzy Clustering method, the K-nearest neighbors (kNN) 
method, decision trees based methods. 

III. NONPARAMETRIC SYNTHESIS 
In non-parametric synthesis, to restore an unknown 

structure, a set of objects with the same structure is used as a 
training sample (by some characteristics). In the training 
process, the parameters common to all objects, which make it 
possible to synthesize the structure necessary to solve the task, 
are singled out. These parameters allow to carry out the 
synthesis of the structure which is necessary to solve the task. 

In case of non-parametric synthesis, regardless of the 
source task it is necessary to perform a preliminary data 
analysis and carry out preliminary data structuring with 
minimal a priori information about the investigated objects. 
Most often different clustering algorithms are used for this 
purpose. In this case, when specifying a particular clustering 
method, specifying the metric, the parameters of the algorithm, 
a choice of a generalized structure of object occurred. When 
evaluating clustering methods, it is required to estimate the 
“naturalness” of the resulting objects partition [6]. In this case, 
for different source data, different algorithms can best perform 
clustering. 

When considering such complex system objects as text, it is 
possible to divide texts according to various features, i. e. 
creating several natural classifications that can be obtained by 
revealing the hidden parameter corresponding to the problem 
being solved. This revealing is performed by hidden parameter 
value definition for considered texts and by division by groups, 
depending on the value of this parameter. In this case, it is 
possible a specific situation in which a specific hidden 
parameter is not explicitly determined, but reflected through 
other observable parameters. With this, depending on the used 
models, different clustering algorithms can give different 
portioning results, because these models reflect various hidden 
parameters in different degrees. 
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One of the universal approaches to solving non-parametric 
synthesis tasks is the Expectation-Maximization (EM) 
algorithm usage [7]. It is based on the maximum likelihood 
criteria for unknown parameters . Here observable 

parameters X , unobservable hidden parameters Z and the 
likelihood function 

 
Z

ZXpXpXL )|,()|(),(    (19) 

are considered. 

Each iteration of an EM algorithm consists of two steps. At 
the Expectation step the expected value is calculated in the 
hidden variables vector Z  by the current approximation of the 
parameter vector , which corresponds to the assignment of 
object of classes. At the Maximization step the maximum 
likelihood estimation is evaluated, its maximum is determined 
and the model parameters are recalculated: the following 
parameter value 1i  is found by the current values of i  and 
Z . 

Besides EM method neural networks with recurrent 
architecture are also capable to solve a non-parametric 
synthesis problem. The main equations for a simple RNN are: 

)**tanh( 1 ttt sWxUs  (20) 

)*max( tt sVsofto   (21) 

where softmax is the normalized exponential function 
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Here ts is the recurrent neuron hidden state, tx - net input 
at step t. Net output at step t to is calculated based on its hidden 
state. Parameters WVU ,, are the vectors of the weight 
coefficients. In contrast to traditional networks that use 
different parameters at each layer, RNN shares same 
parameters WVU ,,  across all steps. This allows to reduce 
common quantity of parameters during learning process. 

After BPTT completion each network parameter is adjusted 
up by the following equations: 
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where 
dU
dL  ,

dV
dL , 

dW
dL – calculated gradients,   - the 

learning rate. 

Most algorithms for nonparametric text structures synthesis 
are relational methods, based on the mutual texts relation and 
difference between objects determining. The usage of known 
nonparametric methods such as the method of signs or ranks, as 
well as methods based on the Kolmogorov complexity concept 
usage, makes it possible to estimate the unknown hidden 
structure of the of objects interconnection. Nonparametric 
methods include clustering methods based on neural networks 
(GSOM), methods of clustering based on fuzzy relationships 
and many others. An excellent style manual for science writers 
is [7]. 

IV. INFORMATION SYNTHESIS 
A special place is occupied by information synthesis, which 

is not a contradistinction to parametric and nonparametric 
synthesis. It uses information metrics (information measure), 
which are convenient for application from the point of view of 
the interpretation of the physical meaning of phenomena. Using 
the information measure, it is determined what is common 
between the structures of objects in terms of the amount of 
information. The information approach usage makes it possible 
to simplify complex estimates of probability, in particular, to 
estimate the uncertainty by one value. 

Algorithms of parametric and nonparametric synthesis can 
apply information, i.e. to refer to information synthesis. The 
distribution law determines indeed all information about the 
object. However, often the use of the amount of information is 
more convenient in practice. It can be said that algorithms of 
information synthesis make it possible to make use of all 
available information for the solution of tasks most fully. For 
the considered text data, the information component is of great 
importance, so the information synthesis algorithms were 
separated into a separate group for separate consideration. In 
this case, methods based on the information usage can be 
applied to solve any problems (classification and clustering). 
However, the information measure makes it possible to 
construct effective algorithms for solving identification 
problems. 

Suppose ix  – an element of the text, N - the number of 

different values that an element ix  can take, )( ixp - the 

unconditional probability of an element ix appearance in the 

text, and 
)( ji xxp  – is the probability of the pair of elements 

ix and jx appearance. Then it is possible to put a quantitative 
measure of the mutual information between elements in each 
pair. This measure is calculated by the formula: 

Nji
xpxp
xxp

xxI
ji

ji
ji ,1,,

)()(
),(

log),(    (25) 

Information synthesis can be considered as a generalizing 
procedure of parametric and nonparametric methods and is 
applied to solve identification problems. Indeed, if the 
identification task is defined as the task of determining 
meaningful parameters for the source data (texts) and 
determining the specific values of the selected features, then 
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the task of the identification procedure has the features of both 
clustering (characterization) and classification (calculation of 
characteristic values). Parametric methods of identification 
include of text analysis methods based on the information 
approach, identification methods based on neural networks, 
text analysis methods based on entropy characteristics. 

V. DISCUSSION AND EVALUATION 
Classification of documents by thematic categories was 

carried out according to the methodology [8] using the 
proposed texts model in the form of N-gram spectra instead of 
the generally accepted word vectors or phrases. The check 
carried out on a specific body of texts showed an increase in 
classification efficiency due to the use of a more accurate text 
model instead of using resource-intensive classifiers or 
increasing the volume of training sets of documents. The 
quality of classification by different methods for the proposed 
model is presented in Table 1 (the number of correct classifier 
decisions was estimated). 

With use of the LSTM network, a film reviews 
classification was performed. Each review is marked by 
sentiment (positive, negative) and presented as a sequence of 
word indices in dictionary of the entire dataset. 

TABLE I.  CLASSIFICATION RESULTS 

Classifier 
Quality of 

classification, 
percent 

The Method of Support Vector Machine 100 

The probabilistic neural network 99 

Multilayer neural network 98 

Decision rules 94 

Decision Trees 94 

LSTM 88 

Naive Bayesian Classifier 86 
 

Texts modeling methods based on entropy characteristics 
were used to classify texts of patents and traditional (artistic) 
texts [9]. The entropy characteristics were calculated for the 
level of symbols (letters) and the level of words. As shown by 
experiments, the characteristics at the level of letters do not 
allow to classify texts with the necessary accuracy: the quality 
of classification of texts is below 40%. The quality of the 
artistic texts classification using entropy characteristics 
calculated at the level of words amounted to about 80% of the 
correct decisions of the classifier, and when classifying patent 
texts – about 25%. Thus, the entropy characteristics at the word 
level reflect the author's style, being the author's invariants. At 
the same time, the texts of patent documents are subject to 
certain, pre-determined requirements and possess less 
vocabulary diversity, unlike artistic texts. 

Nonparametric synthesis methods were used in the 
classification of users belonging to the social community, 
according to their text messages [10]. It was shown that when 
working with Internet texts, one should use methods of fuzzy 
clustering and use such parameters characterizing the authors 

of text messages as authoritativeness and number of followers. 

TABLE II.  CLUSTERIZATION RESULTS 

Clusteringresults 
Compressio
n quantity, 

percent 
PPMd 84 

PPMd; Fast Clustering 84,5 

LZMA 85,5 

LZMA; Fast Clustering 85 

BWT on Huffman algorithm 82,5 

BWT on Huffman algorithm; Fasr Clustering 83,5 

 
Based on the Kolmogorov's concept, a hierarchical text 

clustering method was proposed [11]. Table 2 represents the 
results of experiments on data clustering, depending on the 
compression algorithm used using the diagonal distance matrix 
(Fast Clustering). 

The model of a set of texts was trained based on a recurrent 
neural network. It was shown that as the number of epoch’s 
increases, the network error decreases and the generated text 
quality improves. The RNN learns better the smaller volume of 
texts and for model comparison, it is necessary to take models 
trained on the same data. 

The information measure was used to perform the author of 
the source code texts identification based on the neural network 
technologies and entropy characteristics [12, 13]. The author of 
artistic texts identification based on the information portraits of 
texts comparison [14]. In determining the authorship of artistic 
texts, mutual information was calculated by such 
characteristics as individual letters in a raw, letters through one 
symbol, bigrams (two-letter combinations), and vowel letters.  
In order to characterize the texts proximity, the correlation 
coefficient K  and standard deviation 2  were used. 
Identification results are given in Table 3. 

TABLE III.  IDENTIFICATION RESULTS 

Identification results 
Quality of 

identification, 
percent 

Letters in a raw 75 

Letters through one symbol 75 

Bigrams 53 

Vowel letters 82,2 
 

VI. CONCLUSION 
The paper considers information, parametric and 

nonparametric synthesis of text structures from the perspective 
of the hidden parameters concept. The hidden parameters 
concept implies the identification of texts structural invariants, 
which allows considering only the meaningful characteristics 
for solving a particular problem, thereby reducing the overall 
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dimension of the problem. It seems promising to create an open 
information system for text analysis, which makes it possible to 
implement a set of methods for synthesizing text structures for 
solving problems of processing texts of different types (artistic, 
scientific and Internet texts, texts of programs). An open 
information system can include specialized services for 
analysis and processing of texts, which allows real-time text 
data processing. 
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