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Abstract. The article examines the main components of the GMDH algorithms in terms of their synthesis and 
design of multifunctional units in inductive modelling systems. Some aspects are considered of content analysis of the 
GMDH-based modelling process stages in terms of generalization of the basic structural elements. 
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1 Introduction 
 

An important area of research is the design and development of intelligent computer technologies that are based on 
creation of high-performance computing tools for the inductive modeling and forecast to significantly expand 
opportunities for construction of models of complex processes of different nature. 

Generally, the main difficulty of the modeling process for a researcher is selection of methods and algorithms to use 
among many available ones. Another significant difficulty lies in the fact that the developer must have general notion of 
all possible stages and processes options (which are subject to different allowable input data) when solving the problem 
(extensional of the problem). Consequently researcher has to implement this knowledge in the form of software. 

One of the most effective methods to model from experimental data is the Group Method of Data Handling 
(GMDH) developed by Academician A.G. Ivakhnenko [1-5]. The method allows to construct models of complex 
processes and systems using a sample of experimental data directly, without the use of additional prior information. 

This paper addresses some aspects of the modeling using GMDH algorithms in terms of generalization of main 
stages of the whole modeling process. This would allow constructing multifunctional modules when developing of 
computational tools for inductive modeling, which would greatly facilitate the work of programmers and reduce the cost 
of such work. 

 

 

2 Methodology of structuring knowledge for construction of inductive modeling 
tools 

 

The crucial task of the construction methodology of such computational tools is to implement a subject domain model, 
which is based on the expertise in application of modeling techniques. There is a need to structure the knowledge in this 
area. This will allow producing systematic design guidelines for development of functional inductive modeling tools. 

Following aspects of the knowledge domain structuring are appropriate to analyze: 
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1.  identification of the process key  steps  for solving the modeling problem; 

2.  selection of main modeling methods and comparing their functional characteristics; 

3.  comparative analysis of the effectiveness of these methods; 

4.  analysis and generalization of the experience of their application to formulate necessary recommendations. 

In what follows some of these aspects of the structuring task are considered. 

 

 

2.1  Main stages of  solving the inductive modeling  problem  
 

The inductive modeling problem is reduced to forming some set of candidate models F on the given experimental 
data: 
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where - is a quality criterion for solving the problem of parametric identification of each part model 
generated in the process of structural identification, s

)()( ⋅≠⋅ CRQ
f  - the model  f complexity (number of  parameters being 

estimated).

Hence the problem (1) - (3) is a combination of two problems: discrete (1) - (2) and linear (3) programming. 

 

 

2.2  Selection of main methods of the modeling process and comparison of their functional 
characteristics 

 

Let a certain set of methods for structural identification has in some way selected. Each of them  solves the problem  
(1) - (3) and can be characterized by  the following main  components: 

1.  class of  models (basis functions) for which it is intended; 

2.  generator of structures which are used in the selected class of basis functions; 

3.  method  of parameter estimation; 

4.  criterion of model quality. 

That is, each method of modeling can be described by the four components, allowing to easily compare functional 
properties of a given set of methods. 

On the other  hand,  if we consider  each of these methods  in terms of  the above  components, one can form  the set  of 
model classes, structure generators, parameter estimation methods and  model  selection criteria  and analyze  these sets  as 
independent  research  objects. 
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3 Construction of generalized multi-functional modules 
 

Consider GMDH algorithms from the viewpoint of possibility to develop multifunctional modules when designing 
the architecture of inductive modeling tools. 

In the GMDH theory there is a basic assumption that problem (1) - (3) is solved after the set observations ( )YX , , 
where [ MXNХ × ] - are independent (input) variables and [ ]MYNY ×  - dependent (output) ones, N - number of 
observations, MX, MY - number of input and output variables. 

Let 

KM – be the set of class models, { } , 1,iKM k i K= = ; 
GS – be the set of generator structures, { }, 1,jGS g j G= = ; 
МP - be the set of methods for parameter estimation structures, { }, 1,qMP p q Q= = ; 
CR – be the set of quality criteria of models, { } RtrCR t ,1, == . 

Then a set of methods for structural identification L can be represented as a direct product of the sets:  

L =KM×GS×МP×CR.      (4) 

We define an arbitrary algorithm as an element of the set L: 

{ }, , , ,

1, , 1, , 1, , 1, , 1,

d i j q tl k g p r

i K j G q Q t R d K G Q

=

= = = = = × × ×R
.   (5) 

 

As the result of structuring the knowledge in the modeling problem, principles of forming algorithmic modules are 
defined generalizing functions of various methods of solving this class of problems into a unified multifunctional 
algorithm. It is characterized by a specific set of key parameters. Different combinations of these parameters form 
various methods as special cases. 

 

 

3.1 Generalizing classes of models linear in parameters 
 

Let us consider the set of classes of models being linear in parameters in terms of their possible generalization.  

Choice of a class of models depends on the type of problem under consideration. In real life there are the following 
typical problems of modeling: 

1. Building regression models of static objects (or those where the dynamic component is small enough); 

2. modeling of the time series or processes; 

3. modeling of dynamic objects (processes, systems). 

For modeling static and dynamic objects and time series, polynomials and difference equations are mostly used 
being attributed to a wide class of models linear in parameters. 

Different types of basic functions and parameters used in problems of structural and parametric identification are 
analyzed in [5]. Model each l-th output of a MIMO object can be represented as:
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Considering the capabilities of such formal representation one can get a classification of linear models (Table 1) 
covering most cases of the unidimensional and multidimensional linear models that occur in practice. 

In other words, we can construct a generalized multifunctional module of structures of linear model classes, 
characterized by the key parameters {MY, LY , MХ, LХ}, where  MY, MХ - number of input and  output parameters, 
LY, LХ - number of time lags for input and output variables respectively. 

 

Table 1 

The main classes of  linear models

Type by MY  Class of model MY  LY  MХ  LХ  
 Regression 1 0 m 1 

Uni- 
dimensional  

autoregression (АR) 1 >0 0 0 
  input lag model 1 0 >0 >1 
 АРX 1 >0 >0 >1 

Multi- 
dimensional  

multivariate regression >1 0 m 1 
 multivariate АРX >1 >0 0≥  1 

 

This classification can be used to design and develop a unified multifunctional module of model classes for 
inductive modeling tools. 

 

 

3.2  Generalization of model structure generators 
 

There are two basic types of structure generators in GMDH: sorting-out (combinatorial) and iterative (multilayered) 
ones. In its turn, enumeration of different model structures by combinatorial algorithms can be or directed (reduced) and 
iterative process can be selective or relaxational. 

Implementation of limits on the minimum SI and maximum SA complexity of generated models makes 
combinatorial algorithm structurally flexible. So if SI = 1, SA = m  we can get exhaustive search of all models with 
complexity SASIs ,= . degree of ST defines the structure of a complete polynomial for polynomial class of models.  
When SI = SA = m we obtain one model that is estimated by LSM. 

If in process of successive generation of models with complexity s not all  models are taken into account, but 

only F (freedom of choice) improving the value of a criterion, we obtain a combinatorial-elective algorithm as more 
general compared to combinatorial, where 

1−s
mC

1−= s
mCF .  

When SI = SA = 2 and the maximum value of F we obtain exhaustive enumeration of all partial models of two 
arguments. This corresponds to the first layer of the linear iterative algorithms of the multileyered type and, if ST = 2 - 
also nonlinear algorithm. Thus,  an iterative  algorithm  with the number of  iterations  NI  may  be based  on the flexible  
combinatorial  algorithm. at the same time the capabilities of such an algorithm are automatically expanded: with  SI = 
SA> 2  we obtain  "group account" for three,  four, etc. arguments; at SI SA= ≥1, 2  - an additional  exhaustive of 

the description of  the partial  structure. When  NI = 1 we obtain  combinatorial, or unileyered algorithm.

All previous algorithms represent a hierarchically ordered classification of main generators of structures of one-
dimensional models (MY = 1). A further generalization of these algorithms makes it possible to proceed to multi- 
dimensional models with a given number of output variables MY> 1. Any of the "one-dimensional" structures 
generators can be applied to identification of such models. 
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Therefore, in the proposed classification of basic GMDH algorithms the following key parameters are indicated 
which determine: n, m - the complexity of the estimation task; SI, SA, (ST), F, NI - algorithm type of generating 
structures of one-dimensional models; MY - a case of the multidimensional problem. This generalized generator of 
structures is a multi-functional combinatorial algorithm in which instead of the binary counter used sequential formation 

of s
mC  structural vectors for any ms ,1= ; restrictions SI, SA on the complexity of considered models are introduced, 

1≤ ≤ ≤ ≤SI s SA m , and the number of best models F, being complicated in subsequent calculations 

FS FM Cs
s≤ ≤ n ; added ability of iterative (cyclic) using the algorithm NI times is added. 

Thus, a single module with key parameters {SI, SA, F, NI} generalizes several types of structure generators 
(which include not only the GMDH): 

• Multivariate regression analysis (SI=SA=m); 

• exhaustive (combinatorial) search (all regression algorithm) ( ); s
mCFmSASI === ,,1

• regression procedure “inclusion” (F=1); 

• combinatorial-selective generator )1( s
mCF << ; 

• multileyered (iterative procedure) GMDH ( SI=SA=2 , NI>1) etc. 

 

3.3 Generalization of the quality criteria of models 
 

Generalization of models quality criteria can be considered both for the selection criteria without dividing the 
sample and for those based on the sample division. 

The first type of criteria can be presented in the following generalized form: 

2
21 ˆ),()(),()( σηη snsRSSsnsCR += ,    (7) 

where η1(s,n), η2(s,n) - are multiplicative and additive terms (penalty functions for the complexity of models), 

σ̂  - some estimation of unknown variance 2σ , RSS means Residual Sum of Squares. 
The second type of criteria (GMDH external criteria calculated on two sub-samples) can also be written in the 

general form: 

BAWBWAWKR εαεαεααα 54321 )|()|( +++Δ+Δ=  ,   (8) 

where α1 ,...,α5..., acquires values {1, 0, –1}. These criteria may be included to the formula (7) somewhat 
generalizing it: 

2
21 ˆ),()(),()( σηη snsVsnsCR += ,     (9) 

where V(s) – is some indicator of the model quality. Then if V(s)=RSS(s) we can get (7), and if η1(s,n)=1, 
η2(s,n)=0, V(s)=KR(s) we can get (8). 

Thus, the key parameters { }2
21 ˆ),(),(),( σηη sV⋅⋅  characterize the generalized multifunctional module of criteria 

which are used in practice for solving problems of structural model identification. 

Table 2 presents some cases of representation (9). 
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Table 2 

The main criteria for  selection  models  (some  cases)

Criterion  V(s)  η1(W)  η2(W)  2σ̂  

FPE  RSS  (n+s)/(n-s) 0 – 

PSE  RSS  1 2s  – 

Cp RSS  1 2s  RSS/(n-m)  

AR  Δ(B | A) 1 0 – 

 
 

 

4  Conclusion 
 

GMDH algorithms and experience of their usage in solving problems of structural and parametric identification 
makes it reasonable to take them as the basis for creating high-performance computing  tools of inductive modeling and 
prediction in order to significantly expand its capabilities for constructing models of complex processes of different 
nature. 

The above principles of construction of different algorithms on the basis of the standard set of generalized 
multifunctional modules of minimal configuration may be used when developing functional components of such 
modeling tools. 
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