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Abstract.  The paper considers theoretical grounds of recurrent computing applying for dynamics modeling of 

multidimensional interrelated processes. The combinatorial GMDH algorithm is used for vector autoregressive (VAR) 

modelling. The procedure of structural and parametric identification of VAR models is proposed. 
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5 Introduction 
 

An approach to the problem of structural and parametric identification of vector autoregressive models, when 

parameters for every model are estimated independently, is considered. The drawback of the approach is that the 

parameters of separate models for interrelated processes are interdependent. The paper uses an algorithm with selection 

not one but a few best models for every process to eliminate the shortcoming. 

We use the Group Method of Data Handling (GMDH) [1] as one of the most effective inductive modelling methods. 

When solving the problem of vector autoregressive modelling, the run-time is one of the most important criteria of 

efficiency. The most effective way to achieve the high performance is recurrent parameter estimation. In this case it is 

more expedient to use the high-speed methods of parameters estimation based on the recurrent algorithms for solving of 

linear equations systems. 

 

2 Vector Autoregressive Modelling  
 

The vector autoregressive (VAR) model generalizes the model of autoregression to multidimensional case. It is built by 

the stationary time series. It is the system of equations, in which every variable (component of multidimensional time 

series) is linear combination of all variables in the previous time points. The order of such model is determined by the 

order of the lags.  

In the general case for m time series and k lags the model will be the system of m equations (in matrix form): 

 

,)()(
1

k

j
j jtXtX (1) 

where kjj ,1,
 
– matrices of model parameters (3) of size m m. 

 

 

3 Procedure of Structural and Parametric Identification of VAR Models 
 

The general models structure in the form of a system of m difference equations is determined as a result of the sequence 

Inductive modelling, VAR, recurrent parameters 

estimation, combinatorial GMDH algorithm 



The 8th International Workshop on Inductive Modelling (IWIM’2016) 

34 

 

of such operations: 

1. Data array of km arguments is composed under the number of interrelated processes m and lags к. 

2. Maximal complexity for restricted search is defined. COMBI algorithm with sequentially complicated structures of 

models on the basis of recurrent computing is used for modelling. For every time series the best F (by the value of the 

regularity criterion [2]) models are selected. Overall F m models are passed to the next step. 

3. The sorting of m
FG  possibilities of systems of models is carried out. The best model (by the value of the 

systemic integral criterion of vector models quality) is selected. The value of the criterion is calculated on the given part 

of initial data set in the prediction mode of the process for the given steps number nS: 
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where ijx  is the result of step-by-step integration (recursive computations) of the system of m equations. 

 

4 Combinatorial GMDH Algorithm with Recurrent Parameters Estimation 
 

The combinatorial algorithm is used for VAR modelling by exhaustive search of all possible variants and finding the 

best model for every time series containing the most informative subset of input arguments (regressors). It consists of 

such main units: 

• data conversion according to a basic class of models (linear in parameters); 

• forming models of different complexity; 

• calculation values of external quality criteria for all models being formed; 

• selection of the best models. 

For linear object with m input, all possible models are compared in the process of exhaustive search. Total quantity 

of all generated models of the type 
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is 2
m
–1. Decimal number ν corresponds to binary number dν in (3). Unit elements of dν indicate inclusion regressors 

with corresponding numbers in the model, whereas zero elements signify exclusion. 

Due to the exponential growth of 2
m
 as function of arguments amount, it is advisable to use algorithms recurrent in 

the number of parameters in structural identification problems for the parameters estimation.Efficient recurrent 

modifications of classic Gauss and Gramm-Schmidt algorithms were offered in [3]. The modification, in a nutshell, is 

as follows. The matrix s
T
ss XXH of the size s×s is reduced to superdiagonal form by computing only elements 
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ss  at every step mss ,1,  during the direct motion. The elements of 

the nested matrix Hs–1 of size (s–1)×(s–1) (reduced to superdiagonal form on the previous step) remain changeless. So 

only “bordering elements” are computed on step s. 

 

5 Conclusion 
 

The technique of recurrent computing in COMBI GMDH algorithm for building discrete prediction models of complex 

multidimensional interrelated processes is proposed. Software tools for modelling of complex multidimensional 

interrelated processes on the basis of high-performance combinatorial algorithm in the class of discrete dynamic VAR 

models are developed. 
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