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Abstract

The proposed GN model presents the functioning of the Nonlinear
Autoregressive Network with Exogenous Inputs (NARX). This is the one
of the recurrent dynamic neural networks with feedback connection with
several layers. Instead of other types neural network now we are
describing the process during the time.

Keywords: nonlinear autoregressive network with exogenous inputs,
generalized nets.

1 Introduction

In a series of papers the process of functioning and the results of the work of
different types of neural networks are described, modelled in terms of
generalized nets [3, 4, 8-11].

According to [23], neural networks can be classified into dynamic and static
categories. Static (feedforward) networks have no feedback elements and carry
no delays; the output is calculated directly from the input through feedforward
connections. In dynamic networks, the output depends not only on the current
input to the network, but also on the current or previous inputs, outputs, or the
states of the network. The training of dynamic networks is very similar to the
training of static feedforward networks, Dynamic networks can be divided into
two categories: those that have only feedforward connections, and those that
have feedback, or recurrent, connections.
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The dynamic network has memory. Its response at any given time depends
not only on the current input, but on the history of the input sequence. If the
network does not have any feedback connections, then only a finite amount of
records in the history will affect the response.

Dynamic networks are generally more powerful than static networks
(although somewhat more difficult to train) [16]. Dynamic networks can be
used for prediction in financial markets [18], channel equalization in
communication systems [19], phase detection in power systems, sorting [20],
fault detection [21], speech recognition and even the prediction of protein
structure in genetics [22]. A discussion of many more dynamic network
applications can be found in [23]. One principal application of dynamic neural
networks is found in control systems. Dynamic networks are also well suited for
filtering.

One of the dynamic kinds of neural networks is the Nonlinear
Autoregressive Network with Exogenous Inputs (NARX), illustrated on Fig. 1.
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Figure 1: NARX neutral network

The definition equation for the NARX is

y@) =fo(t-1), y(t-2),..., y(t-ny), u(t - 1), u(t—-2),..., u(t —n,)) (D)

where the next value of the dependent output signal y(¢) is regressed on previous
values of the output signal and previous values of an independent (exogenous)
input signal.

224



2 A GN-model

All definitions related to the concept generalized net (GN) are taken from [1,2].
The GN, describing the process of the work of the Nonlinear Autoregressive
Network with Exogenous Inputs, is shown on Fig. 2.

ZTDl Zl Zz ZS Z4

Figure 2: GN model of the NARX

Initially the following tokens enter in the GN:

1
in place I - o'-token with initial characteristic xg =1(t);

1
- inplace S, . — ['-token with initial characteristic xoﬁ = w!', where W' is
a matrix with weight coefficient in first layer of the NARX);

3
- in place Sw” — B-token with initial characteristic xg = , where W"

is a matrix with weight coefficient in feedback of the first layer of the
NARX);

1
in place S, - 7 -token with initial characteristic x{ =b', where b' is a
matrix with biases of the first layer of the NARX);

1
- in place S, - one 5'-token with initial characteristic xg = transfer

function;
- inplace SW2 — F-token with initial characteristic
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where W* - matrix with weight coefficient for second layer of the NARX;
2
- in place S T 7-token with initial characteristic x =b*; where b’ is a
matrix with biases of the second layer of the NARX;
- in place S, - one &-token with initial characteristic using “Transfer

function”;

The GN is presented by a set of transitions:
A= { Zror, Zrpo, 21, 22, 23, 2},

where transitions describe the following processes:

e Zmp,— Preparing the input vector P' from the I(t);
e Zrp,— Preparing the feedback;
e 7, — Calculating influence of the first layer of the MPL (n");
e  Z,— Calculating the output of the first layer of the MPL (a');
e Z;— Calculating influence of the second layer of the MPL (#°);
e 7' Calculating the output of the second layer of the MPL ().
Transitions of the GN-model have the following forms.
ZTDl =< {[’PTDl}’{SPI aPTDl}aRTDl’/\(I’PTDl) >,
where:
R — | SPI PTDI
T False  True,
P, WPTDI p True
where
= “In place Prp, there exists xj
Prp1,P
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The a-tokens obtain characteristics, as follows:

xg =1(1);
xt=1(t)1(t-1);
...... 2)
x¢ =) It =), I(t—k+1);
xE = I(0)I(t=1),.. I(t—k+1),I(t—k)
ZTD2 =< {SaZD})TDZ}’{SFB’})TD2}’RTD2’A(S021’PTD2) >3

where
| SFB I)TDZ
Rpp, =
S, | False True
IJTDZ Prpsy.Srp True
where
» s = “There is a token in place Prp,”.
TD2>°FB

The o-tokens obtain characteristics according to (2).

Z] =< {SPI’S S SblaSWpl}’{Snl’SWpl}’Rl’

i N ytss
ANCS,LLS,05 8,0 V(80,8 0)) >,
where
R = S, Wy

Spl False True

S, | False True |

S5 | False True

Sb, True False

SWP, True False

Tokens «a', B' p*and y' merge into the y'-token in place S .
4 g X Wy

Z,=<{S .8, 1,48 1, RyuA(S ,S,.) >,

where

Tokens 5" and y' merge into the o’-token according to [5].
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Z,=<15,1,8,2.8,0.8, 108,118, 1 RuAV(S,1,8, (S, S, ) >,
where
R — Sn: SWp2
3 Sa1 False True

SW2 False True »

Sh2 True False

SW , | True  False

v

Tokens o', % and y* merge into the y*-token according to [5].

Z, =< {Sn2 ,SF2 ,541},{Sa| ,Sa21 ,S41}~,R4,/\(Sn2 ,SF2 S, >,
where
R ‘ 5. S S
4 _Sn2 False False True
SFZ False False True
S S a2 o False
where
) = 1 = “The value is calculated “.
S41,a S41,a

Tokens & and #* union into the o*-token, using [5].

3 Conclusion

The dynamic neural networks have different structures and properties. The
proposed GN model present work of the Nonlinear Autoregressive Network
with Exogenous Inputs (NARX). This is the one of the recurrent dynamic neural
networks with feedback connection with several layers. Instead of other types
neural network now we are describing the process during the time.

This paper is one of the series of papers that describe neural networks in
terms of generalized nets.
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The papers presented in this Volume 2 constitute a collection of contributions,
both of a foundational and applied type, by both well-known experts and young
researchers in various fields of broadly perceived intelligent systems.

It may be viewed as a result of fruitful discussions held during the Ninth
International Workshop on Intuitionistic Fuzzy Sets and Generalized Nets
(IWIFSGN-2010) organized in Warsaw on October 8, 2010 by the Systems
Research Institute, Polish Academy of Sciences, in Warsaw, Poland, Institute
of Biophysics and Biomedical Engineering, Bulgarian Academy of Sciences in
Sofia, Bulgaria, and WIT - Warsaw School of Information Technology in
Warsaw, Poland, and co-organized by: the Matej Bel University, Banska
Bystrica, Slovakia, Universidad Publica de Navarra, Pamplona, Spain,
Universidade de Tras-Os-Montes e Alto Douro, Vila Real, Portugal, and the
University of Westminster, Harrow, UK:

Http://www.ibspan.waw.pl/ifs2010

The consecutive International Workshops on Intuitionistic Fuzzy Sets and
Generalized Nets (IWIFSGNs) have been meant to provide a forum for the
presentation of new results and for scientific discussion on new
developments in foundations and applications of intuitionistic fuzzy sets and
generalized nets pioneered by Professor Krassimir T. Atanassov. Other topics
related to broadly perceived representation and processing of uncertain and
imprecise information and intelligent systems have also been included. The
Ninth International Workshop on Intuitionistic Fuzzy Sets and Generalized
Nets (IWIFSGN-2010) is a continuation of this undertaking, and provides many
new ideas and results in the areas concerned.

We hope that a collection of main contributions presented at the Workshop,
completed with many papers by leading experts who have not been able to
participate, will provide a source of much needed information on recent trends
inthe topics considered.
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