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A new Dynamic Multilayer Perceptron Structure
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*School of Electrical and Electronic Engineering. Wonkwang Univ.

Abstract - We propose a new Dynamic
Multilayer Perceptorn{DMP) architecture for
optimal model identification of complex and
nonlinear system in this paper. The proposed
DMP scheme is presented as the generic and
advanced type based on the GMDH(Group
Method of Data Handling) method for the
limitation of GMDH under only two system
input variables. It is worth stressing that the
number of the layers and the nodes in each
layer of the DMP are not predetermined, unlike
in the case of the popular multilayer perceptron
structue, but these are generated in a dynamic
manner. The experimental part of the study comes
with representative nonlinear static system.
Comparative analysis is included and shows
that a new DMP can produce the model with
higher accuracy than previous other works.

1. Introduction

The challenging quest for constructing models
of systems that come with significant
approximation and generalization abilities as
well as are easy to comprehend has been within
the community for decades. When dealing with
high-~order nonlinear and multivariable
equations of the model, we require a vast
amount of data for estimating all its
parameters. The Group Method of Data
Handling (GMDH)(1] introduced by A.G.
Ivakhnenko is one of the approaches that help
alleviate the problem. The GMDH algorithm is
carried out to generate an optimal architecture
through a successive generation of both the
nodes at each layer and the layers themselves
by using the partial descriptions of the data.

These come in a form of some gquadratic
regression polynomials of the two input
variables. But, if only two system input

variables are considered, it cannot generate the
polynomial neural networks. For dealing with
the fatal weak point, we introduce a new
dynamic Multilayer Perceptron Structure.

2. Dynamic Multilayer
Perceptron{(DMP) algorithm and
structure.

2.1 DMP algorithm.
The DMP algorithm is based on the GMDH

method and utilizes a class of polynomials such
as linear, modified quadratic, cubic. etc. By
choosing the most significant input variables
and polynomial order among these various
kinds of forms, we can obtain the best ones
from the extracted partial descriptions
according to both selecting nodes of each layer
and generating additional layers until the best
performance is taken. A new methodology which
includes these design procedure leads to the
optimal DMP structure. The input-output data
are given as follows.

(X, y,)=(x%, K %y, 9,), i=123K,n (4
The input-output relationship of the above data
by DMP algorithm can be described in the
following fashion

y=f(a,x2,K ,xv}) (2)

The estimated output N of the above output y
is as follows

kik2

V= frxoA xy)=c +chlxkl + chlkzxklxkz
3]

+ Zcmznxkl)‘uxka +K (3)

k1k2k3

wher ., denotes the coefficients of the model.

dynamic - multilayer
procedure can Dbe

The framework of the
perceptron(DMP) design
summarized as follows.

(Step 1] Determine system input variables.

(Step 2] Split input and output data set.

(Step 3) Decide upon the DMP structure.

(Step 4] Determine the number of input
variables and the order of the
polynomial forming a partial
description (PD) of data.

(Step 5] Estimate the coefficients of the PD.

(Step 6] Select PDs with the best predictive
capability.

{Step 7] Check the stopping condition.

{Step 8] Determine new input variables for the
next layer.

2.2 DMP structure. :
The DMP structure for getting the best
estimate model continues to generate additional
layers and consists of PDs that the number of
input variables is same in every layer. Some
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PD in the form of regression polynomial is
shown in Table 1.

Two cases for the regression polynomial in each
layer are considered as the following.

Case 1. The polynomial order of PDs is same
in every layer.

Case 2. The polynomial order of PDs in the
2nd layer or more has a different or
modified type in comparison with that
one of PDs in the 1st layer.

Two types. (a) the generic and (b) the
advanced type, of the basic and modified DMP
architectures are shown in Figs. 1-2, where
zi(Case 2) of the 2nd layer denote that
polynomial order of the PD of each node has a
different or modified type each other in
comparison with z;{Case 1) of the 1st layer.

In (b) the advanced type of Figs. 1-2, the node of
dotted line mean the nodes of the previous layer. The
superscript A of PDBA denotes the layer number and
the subscript B of PDBA denotes the node sequence
number of new nodes generated by the combination of
the node outputs(outputs of PDs) of the preceding
layer at the Ath layer.

Zti,x,)-Case 1]
2 (5,3 Case 2

Fig. 1. Generic Type

g Pantisl PN Patial Zf(x,x ) -Case |
, Z,f(x,n ) | ¥
X criplion el i Devcription 700, ) Case 2

[y ’ AN
i

Fig. 2. Advanced Type
3. Experimental studies

This section is devoted The DMP algorithm
and its structure are illustrated with the aid of
nonlinear static system.

3.1. Nonlinear static system

In this section, we perform a simulation to
illustrate  the wvalidity of the proposed
algorithm.

The training data in this example are obtained
from a two-input nonlinear equation defined by

=(1+x72+x) 1< x, - x, <5
y 1 2 , 1 %2 . (4)

This nonlinear static equation is widely used to
evaluate modeling performance. This equation
was also used by Sugeno and Yasukawa (3],
Nakanishi (4], and Kim{(9-10) to test their
modeling approaches.

This system represents the nonlinear
characteristic as shown in Fig. 3, which shows
a three-dimensional input-output graph of this
system. From this system equation, 50
input-output data are obtained.

Fig. 3. Input-output relation of nonlinear
system

Case 1 - This case is that the number of input
variables of PDs is same in every layer and the
polynomial order of PDs is also same in every
layer.

The training result plotted in Fig. 4 depend on
both the number of node input variables and
three different types of polynomial order such
as linear, quadratic, or modified quadratic, that
is, Type 1, Type 2, or Type 3. Here Type 1,
Type 2, and Type 3 are listed in Table 1. Fig.
4 show the performance index (identification
error) of DMP architecture with 2 node inputs
and Type 1, Type 2, and Type 3. In that case
the best result of 2 node inputs, PI=0.0212 is
obtained by using Type 2.

Table 1. Form of regression polynomials

inputs order Node equation considered

Type 1 | aranroxe

2 Type 2 | arox+cxeroa toxs toxxe

Type 3 | aptaxitoaetomxs

Type 1 | araxitometon
Qo+ CLX1+CaXa+Caxa* Oty +OsXa +asxs ™ Coxixa + g
X1x3touxaxs

3 Type 2

Type 3 | artau+cuetoustexe ot osex

Case 2 - This case is that the number of input
variables of each PD is same in every layer but
the polynomial order of PDs in the 2nd layer or
more has a different or modified type in
comparison with that one of PDs in the 1st
layer.

The training result is plotted in Fig. 5. In Fig,
Type a b(a, b=1, 2. 3) means that the
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polynomial order of PDs changes from Type a
in the 1st layer to Type b in the 2nd layer or
more.

Fig. 5 shows the performance index of DMP
architecture with 2 node inputs and Type 1—2,
Type 1—3, Type 2—1, Type 2—3, and Type 3—
2. In that case the best result of 2 node
inputs, PI=0.0212 is obtained by using Type 1
—2.{Type a—b:1lst layer—2nd layer)
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Table 2 shows a comparison of identification
errors with previous modeling methods. The
experiment results show output performances of
the proposed DMP model according to two
kinds of DMP architectures.

As we know from Table 2 the performance
results of DMP  architecture are quite
satisfactory. Compared with approaches
presented in previous literatures (3-4,9-10],
our modeling method has much more accuracy.

Table 2. Comparison of identification error with
previous modeling methods

Model Performance Index
Mean Squared Error
Sugeno and Yasukawal3] 0.079
Kim et al[9] 0.019
5 0.070
0.0212
00212

Case 1: 2 node inputs, Type 2.
Case 2! 2 node inputs, Type 1—2.

4. Conclusion

In this paper. The design procedure of Dynamic
Multilayer Peceptron{DMP) is proposed to build
a optimal model architecture for nonlinear and
complex system modeling. Nonlinear static
system are used for the purpose of evaluating
the performance of the proposed DMP modeling
method. Experimental results show that the
proposed method is superior to other previous
works from the viewpoint of the identification
errors.,
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