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Abstract. The paper presents a new methodology which is an enhancement of MIA algorithm of self-organizing
polynomial Group Method of Data Handling (GMDH). Classical MIA algorithm suffers mainly by quick loss of
the layer diversity resulting in almost homogenous layer output which strongly prohibits reaching any
improvement in the next layers of the network and has negative impacts on the stability of transfer functions of
the nodes (gained by least mean squares method). The impact is mainly non-stable behaviour and loss in quality
of the output of the model as a whole. Several specific improved features were therefore applied in order to
improve the behaviour of the algorithm. The enhancements described bellow are mainly semi-randomized
selection approach to layer pruning, coefficient rounding and thresholding schemes. The usefulness of proposed
enhancements is supported by experimental results of time series analyses.
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1 Introduction

Despite the fact that the ability of human brain to gather and process information is permanently developing,
it simply cannot compete with the technological boom of the last decades. Due to this information explosion of
today people are getting more than overwhelmed by large amounts of data that contemporary technology can
measure or just gather as a side effect of its activity. This ability to collect precise and valuable datasets has in
many cases turned into an obstacle prohibiting users from gaining information about the processes and systems
generating the data sets. The most frequently used data analysis methods are based on statistical approach and
are either too simple to discover full structure of generating processes or too complex and time consuming to
carry out. These challenges open up new areas for methods of machine learning which seem to be viable
alternative to classical approaches bringing automated analysis that does not require special knowledge from the
user. This allows also considering and seeking for more complicated models within given datasets. Enahnced
algorithm of Group Method of Data Handling (GMDH) used in this paper presents one of such approaches.

2 Theoretical Part

2.1 Classical MIA GMDH approach

The algorithm of Group Method of Data Handling (GMDH) [1, 2] was first introduced by Ivachknenko in
1966. Its main purpose is identification of relations in large complex non-linear multidimensional systems, their
approximation and prediction. It searches for optimal structure within the space of multi-polynomial functions
g: R"— R which it realizes as a multilayered polynomial network. So the main idea is to obtain a mathematical
model of the analyzed object (which can be later used e.g. for further predictions). Ivakhnenko came from the
Kolmorov-Gaborov sentence, which proves that every function y, = f{X) can be can be represented by an
infinite Volterra-Kolmogorov-Gabor (VKG) polynomial of the form:
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where X ()C1 B SR 2% ) is the vector of input variables and A(a1 N SN ) is the vector of coefficients
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or weights. This is the discrete-time analogue of a continuous time Volterra series and can be used to
approximate any stationary random sequence of physical measurements.

The main function of GMDH is based on forward propagation of signal through nodes of the net similar to
principle used e.g. in classical neural nets [7] — input signal is passed to input nodes the outputs of which are
then distributed through the structure to upper layers where appropriate mathematical combinations are carried
out. Every layer consists of simple nodes each of which performs its own polynomial transfer function and
passes its output to nodes in the next layer. The output of the last layer (almost always consisting of only one
node) is the output of the whole net.

The coefficients of nodes’ transfer functions are estimated in the learning phase during which the whole
structure is being automatically built up. This inductive approach to the model structure determination reduces
the amount of a priori knowledge required from the user and allows for automatic selection of a structure that
follows best given dataset. Classical approaches [1,2] employ linear regression to set these coefficients. Units
with the smallest error of the output signal form the final layer, the rest is cut off.

It is clear that not prunning the layers quickly leads to great expansion of state space to be searched and
causes the algorithm to be suitable only for simpler models. Measures taken to prevent such expansion of MIA-
GMDH algorithm include mainly implementation of node selection on each layer according to selected criterion
(e.g MSE). Only the best nodes for each MIA-GMDH layer are retained and their outputs form input to the next
layer. Beginning from first layer, the process is continued until the best approximation of the last layer is worse
than the best approximation of the previous one or limit of number of layers is reached. The final network is
created by connecting nodes surviving prunning from layer to layer up to the output layer. As a result a
feedforward polynomial network (like e.g. on Fig.1) is created.
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Fig.1 Prunned MIA-GMDH net

2.2 Enhanced MIA algorithm
Enhancements were applied in order to improve accuracy and also robustness of the algorithm in work [3]. One
of the main cause of problems can be seen in the prunning process within the run of algrotihm. The selection
strategy based upon selecting the nodes only according to their quality based purely on the evaluation criterion
(most often MSE) brings along following two important drawbacks.
1. Throwing away nodes that might play an important role in the model should their outputs (and through
them their inputs as well) be combined on the higher level results in ’loosing” these inputs.
2. Quick unification of the layer output (outputs of all nodes in the layer) leads to bad performance of
regression on next level (small diversity of the layer outputs causes unstable regression - due to very
large value of condition number of matrix X’X to be inverted.

It seems to be obvious that finding out and employing some heuristics that could drive the prunning process
better than evaluation criterion gradient should lead to improvements of the algorithm as a whole. A similarity
to such layer pruning can be seen e.g. in evolutionary algorithms, where also only some of the members form
last reached population are selected to survive, the rest being thrown away. By seeing the problem from this
point of view, another point comes into focus. It is the automatical selection that can be utilised more just to

145






