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Abstract
This paper addresses the problem of the identification of nonlinear dynamic systems
using modularly structured neural network with the new learning algorithm for the
learning of both gating and expert networks weights. Here we start with the
standard learning procedure for such networks in the sense that the problem of
learning is formulated and treated as a mixture estimation problem in which the
log-likelihood function should be maximised. But, as opposite to the established
methods for modular networks we combine the gradient type of learning for gating
weights with a least-squares algorithm for the learning of expert networks weights,
and the experts are simple one-layer nets with a single linear output unit. The very
result of such an approach is a simple structured modular network with improved
learning and it seems with good capabilities for the identification of general
nonlinear dynamic systems. The identifications of a discrete-time nonlinear system
corrupted with noise and of a real world system are presented. Later process
represents the identification of the positioning of a car engine throttle valve from
real data set (3000 samples of measured noisy data).

Introduction

In past few years artificial neural networks (NN) have been applied to a number of
problems and with an exponential growth. This is particularly true for the fields of
control and identification of nonlinear systems [6]. Such a development is primarily due
to the fact that NN are general approximators in the sense that they are able to model
any nonlinear high dimensional mapping providing enough representation power
(meaning enough neurons). For the application of NN in the field of identification of
nonlinear dynamic systems many questions are still open (selection of the input signals,
sampling time, type of NN, learning method, to name just a few) but many results
presented in literature are promising.
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Here, the results of identifying two different nonlinear dynamic systems: discrete-time
nonlinear system corrupted with noise and a real world system identification will be
presented. Later process represents the identification of the positioning of a car engine
throttle valve from the real data set. The relationship between the voltage of servo-
motor (input variable) and the throttle valve position angle (output variable) should be
identified using 3000 samples of recorded noisy data. Classical identification for such
system has failed due to the fact that the process could only has been operated in a
closed loop and because it has a heavily nonlinear friction characteristics [9], [7].

For such a task we use modularly structured NN consisting of gating and expert
networks [1-5]. Modular neural networks seem to be a new and promising type of
networks which combine good properties of both ‘local’ type of neural networks
resulting in approximations having low bias and high variance and ‘global’ type of NN
which approximate the data with higher bias and lower variance, in general. Similar to
the start of the whole NN field a quite big deal of effort is devoted to the developing of
proper (meaning robust and fast) learning algorithm for the (hierarchically) structured
modular network, too [1-5]. Here the modular NN will be trained with the new learning
algorithm for training of both gating and expert networks weights. We kept to the
standard approach for learning in such networks in the sense that the problem of
learning was formulated and treated as a mixture estimation problem in which the log-
likelihood function should be maximised. But, this is just a framework of the learning
here, because as opposite to the other methods we combine the gradient type of learning
for gating weights with a least-squares algorithm for the learning of expert networks
weights (where the experts are simple one-layer nets with a single linear output unit).
The very result of such an approach is modular network with improved learning
(basically the learning is almost always an one epoch training) and it seems with good
capabilities for the identification of general nonlinear dynamic systems.

Modular network and learning by mixed optimisation procedure

The basic idea in application of the modularly structured NN is to have a network which
is able to divide a complex mapping into simpler mappings, which are to be modelled
by expert networks, and then to combine the outputs of expert networks in accordance
to their ‘responsibilities’ for certain domains of input variabte3he division of input

space is to be solved by gating network(s) by giving the domain of ‘responsibility’ to
the experts. The simplest modular NN structure having one level of networks is
represented in Fig. 1 and such a NN will be used for the identification tasks here.
(Interestingly, such a ‘simple’ structure will be good enough to model quite complex
nonlinear dynamic mapping). Note that in general the network could be hierarchically
organised having deliberate number of levels or depth. (For more about network
hierarchy see [5]). Modular NN in Fig. 1 comprises of expert networks and one gating
module. There are no particular requirements on the type of artificial NN used in expert
modules and in general they do not have to be of the same type or complexity in each
expert. The approach presented here and the learning law do not depend on particular
type of expert network providing that the activation functions (AF) in output layers are
linear ones what is usually more than reasonable for regression type ofNwatskthat
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the splitting of input domain into sub-regions will enable the expert networks to be of
relatively simpler structure than in the case when they would be required to model the
input to output mapping over the whole, originally compact, input space.

The basic model of such a network is given below (see [1-5] for detailed and in depth
description, motivation and basic explanations of modular NN).

Expert
Network
\A 1 Network
Output
y
2
Input Expert /t/ y
X Network
92| |og1
Gating
Network

Fig. 1: Basic structure of one level modular neural network

Input vectorx (real data vector augmented with the ‘bias’ term +1) is same for experts
and gating network. Here, the AF of experts modules are linear units and of the gating
network one is so-called softmax function given by (2)

Yi SW, ' X (1)
__exp(net ) @)
Z exp(et )

Notice that the number of outputs from the gating network equals to the number of
expertK (k=1,...,K)and inputnetto gating network is given as,

net =v,"x 3)

(The vectorsx, y, wandv are of proper dimensions amgdis K-dimensional column
vector. Notice that in Fig 1, if the output vectois one-dimensional, meaning scalar,
the number of the weights that should be learned is xliM{) andK=2. In general
case, whely is of higher dimension the expert network output layer weight matiix
(1) is a matrix (dinX), dim(y)) and not a column vector. Important propertyga$ that
a sum of its elements equals to 1. This is necessary because the @ytpans

interpreted asconditional (on X) a priori probabilities. The outputy, from expert
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modules are interpreted asnditional(on bothx andk) mean vectorand the desired
(target) vectod is treated as a linear combinationkoflifferent multivariate Gaussian

distributions.
K
dx) =
p(d|x) glgk B

e @y, ) I 0, )

P, = p(dx, k) =

(27_[) dim(y)/2 | 5 ; |-1/2

(4)

(5)

In this mixture modep, represents the multivariate Gaussian distribution of the desired
(target) vectord, given the input vectox and that thek-th expert is chosen or
responsible. For the given probability model in (4) the expected value of the output is

given as follows,

K
y =E[dx] =5 gy,
=i

(6)

It might be helpful to graphically represent the underlying ideas of modular neural
networks. This representation will necessarily be done on the problem with one-to-one
mapping. The extensions to the multivariate mapping should be obvious. Assume that
we want our modular NN to model a simple one dimensional fungtioabsk).
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Fig. 2: Geometrical representation of probabilistic data modeling
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Conditional probabilitiep, andp, from (5), for some measured data point (x, d), are
represented as one dimensional Gaussian functions in Fig. 2. Note that we may think of
the network outpuy, in three different ways and we stressed this fact by wrjtjas:

being the underlying functioR, we are interesting at, as the expected value of our data
conditioned on botlk and chosen expékt( or as being the conditional meamf data.

Eq. (6) represents a finite associative Gaussian mixture rasdetiatedwvith a set of
measured dataX = {x(j), d(j), ] = 1,...,N} consisting of the input vector and output, or
system response, vectdr The goal of the learning algorithm will be to model the
distribution of the given set of recorded data. The choice of learning approach should be
made between the two most widely used techniques in the estimation of model
parameters (here, vectors and v): minimisation of the sum of error-squares or
maximisation of the likelihood function. It turned out that for a Gaussian mixture model
the method of the maximisation of log-likelihood is more effective and generally
preferred one. So, having the setMdfmeasured data pairs performance index to be
maximised looks as,

L(X,w,v) = Iogﬁ p@;fx; )= ilogi a9, B, @)

The problematic part with the learning of mixture densities is thalothean not be
shifted behind of the second summation sign. At the same time, the problems with the
first summation sign could be avoided simply by dropping it out. In the terms of NN
learning that means that the on-line learning is taking place. What remains is to
maximise,

L(X,W.v) = Iogki 0. P, ®)

with respect tow andv. It should be mentioned that two basic approaches to the
maximisation of log-likelihood arestandard gradient ascent procedumnd the
expectation maximisation (EM) technigweith their many variants. It seems that the
later method is much more viable approach for the finite mixture mo@détse on
comparisons of different optimisation procedures for modular NN could be found in [1]
to [9]).

Here, we propose and test slightly different approach to learning in modular networks
than as in [1] to [5]. First, it should be realised that in the system identification tasks
basically, the kind of regression problem is to be solved. For such a problem the AF of
the output-layer neurons of the experts should be linear. In such a situation the sound
procedure for the learning of weights is to split the optimisation in two different
learning schemes. One farand one for. Note that this splitting introduces a switch to
‘multicriterial’ optimisation in which the learning of the expert weights leads to the
minimisation of the sum of the least-squares of error and adapting of the gating weights
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results in maximisation of the log-likelihood given by (8). So, we suggest to use the so-
called Mixed Optimisation Procedure (MORiystly proposed and tested in [8]. There,

for three different binary and analog type of mapping problems the superiority (in terms
of the iteration steps) of the MOP learning in comparison to the other very well known
and established learning methods was demonstrated. Taking the same approach for the
identification tasks by using modular NN seems to promise similar improvements
toward the EM and gradient type maximisation schemes.

Standard gradient type learning aimed to maximise L will take place if the gating and
expert weights would be adapted according to the learning scheme given below ([3]),

W, (n+1) =w, (n)+nh(d(N -y,(N)x 9)
vi(n+1) =v, (N +n[h(n - gl nlx (10)
Where,

0. expE @-y, ) Z @-Y,)
h, = (11)

X exp(—; -y =2 @-y,)

is defined asa posteriori probability associated with the output of tkeh expert,n
represents the iteration step amdis the learning rate. (Here, the covariance malrix

was not a subject of learning and equalled to identity matrix).

Basically, the change in the optimisation procedure of the expert output layer weights is
only proposed here. The equations given above follow directly from the steepest ascent
approach and they result in the incremental changes of the gating as well as of the
expert output layer weights. But for the experts, having linear AF in output neurons,
there is no need to calculate output layer weights using gradient methods. Rather, the
approach from the linear in parameter estimation schemes as in standard least-squares
learning is proposed for the calculation of the expert weights. Practically, this means
that for the given outputs from the gating module the weightill be obtained
through a one-step procedure (using a pseudoinversion of the corresponding matrix). So,
in each iteration step (and iteration will take place because of the gating weights
learning) and for the giveg, w will represent the best least-squares error solution. The
calculation of the gating module weights will not be altered with this change and
equation (10) will remain the same. By its very nature thigxed optimisation
procedure (MOP)(calculation of gating weights takes place in gradient fashion and of
the expert networks ones by using the pseudoinversion) isbaheh algorithm.
(Common practice in identification is to use the recursive variant instead and we worked
with this on-line technique, too). The proposed MOP approach is both intuitively and in
geometrical terms an easily understandable one:

Suppose, that we, by chance, start with the ideal or close to the 'best' gating module
weight vectors ie., there is no need to learn them and the remaining task will simply be
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to find the expert weights. This problem could be solved in gradient fashion presented
above with (9), which results in incremental changesvofBut, this procedure is
generically featured with many iterative steps and long learning times. Another possible
approach could be in using the least-squares error method which requires just one
pseudoinversion ie., the solution will be reached in one-step procedure. Here the second
approach is used. In general, the starting random gating module weights vectors will be
far from the ideal values and they will be the very subject of the optimisation, too. But,
there is no reason (besides that of the appreciation of the correct mathematical model
originated from the chain rule for the functions' derivative) to apply the same
methodology for obviously different mapping schemes betweenv, L and
approximation erroe: the nonlinear mapping afto L and the linear one of the expert
weights w to the approximation erroe. The chain rule structure of equation (10)
remains intact but in the calculation gfthe best in the least-squares sense expert
modules output layer weighis will take part and this will speed up the convergence of
the learning.

The MOP learning starts with randomly chosen gating networks weigh#ster
calculatingg-s, expert networks output layer weights (providing that the output layer
neurons are linear) can be calculated as foll@taxting from (6) we can write

y = glyl + gZyZ + "'+gKy|<
y= gl(Wllxl +W12X2 .. +Wln) Tt gK(Wlel +WK2X2 * . +WKn)
y=Mw (12)

The structure of the matrid is obvious and the best in the least-squares sense expert
networks output layer weight vector using measured training datiacan be found
using standard formula,

w=M"d (13)

whereM " stands for the pseudoinversion of the maldix Obviously, the solution of

(13) could be obtained recursively, too. Note that using constant bias input the maximal
dimension of matrixM would be(N, K(n+1)), whereN is the number of data and
represents the dimension of input sigralf the calculation of the expert weights

would be done in recursive fashion the overall learning in modular network would be
the ‘pure’ on-line procedure. We make use of mixture learning: the calculatiowas

done in on-line fashion andl was obtained using the different size batches of the data.
The smallest batch is obviously the one that resul{&(n+1), K(n+1)) matrix M. In

order to better filter out the noise, it is better to take and use the batches with more than
K(n+1) data. If the size of data set is not to big (computing facilities dependent) one can
always use all data. (Numerically critical part connected with the operation of
pseudoinversion is not the number of rowdvbfout the number of its columns that is
related to the dimension of inpxtand to the number of expeKs.
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Simulation results

As an application of the proposed MOP learning the identification of two different
nonlinear dynamic systems was performed.

Example 1: Nonlinear Noisy System Given by Nonlinear Difference Equation

The behaviour of the first order nonlinear system is governed by the next nonlinear
difference equation,

Yier = (0.9- 0003 )y, + 02y (14)

with sampling timeT, = 1 s,and a state-dependent time constant of abeut0 s.Such

type of the dynamics is difficult to identify by classical methods when the mathematical
structure of the nonlinearity is unknown, because the nonlinearity cannot be separated
from the linear part like eg. in Hammerstein model. The characteristic feature of this
model is that for small input steps it shows a fairly linear behaviour whereas for the
bigger deviations from steady state, the positive step responses are different from the
negative ones. Measurement data are spoiled with a noise with variange, 0 0%

order to obtain a good model of a nonlinear process it was important that the learning

data cover the whole relevant space and contain a rich spectrum of frequencies as well
as of magnitudes. Therefore the process is excited with a pseudo-random binary noise
(PRBS) signal with the amplitude modulation. The training set of 621 data samples is

plotted in Fig. 3.

Learning data for example No. 1
10 T

Input u and Outputy of the Model

-6 .
-8t -
10 . . . Number of sample: k

0 100 200 300 400 500 600 700

Fig. 3: Learning data set for the nonlinear difference equation (14)
(Stepwise smooth function is input  u. Hairy curve is system response y)
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To verify the model in the sense of generalisation, the input to the trained modular NN
was changed and the response of the NN to the saw-type input was compared with the
noisy response of the original system represented by (14) to the very same input. Fig. 4
shows a good generalisation capabilities of the modular NN as well as a capacity for a
good filtering of given noise.

10

Response of NN (smooth thick line)

Input u <——
(dashed)

Noisy Response of System
-10 : :

0 50 100 150 200

Fig. 4: Verification run driven by previously unseen saw-type input

Example 2: Identification of the Car Engine Throttle Valve

Next example is represented by a real world system. The modular NN should have
found the relations between the voltage of servo motor (input variable) and the throttle
valve position angle (output variable) of the car engine throttle valve. A set of 3000
training data was recorded on the real test stand [9]. During the learning the first 1250
data pairs have been used and the verification with the ‘frozen’ or ‘fixed’ previously
learned weights has been done on the whole range of measured data set, meaning by
using the recorded voltage signal fréae 0 tok = 3000 as an input to the NN. As it
could be seen in Fig. 5 quite a good generalisation has been taking place along the
whole transient periodk(= 0 - 3000) in the sense that there is no big difference in the
dynamic behaviour in the second (unlearned) part of the transients in comparison to the
first 1250 response samples.

It should be mentioned that the modular NN gave more than comparable results to the
identification results presented in [7] where Radial Basis Function NN and Fuzzy
Models have been implemented and compared. Here, 12 weights and 16 in [7] have
been used. The quality of identification was similar. More investigation on different
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problems of various size and complexity is still needed in order to make any kind of
such comparisons, though.

Throttle positioning: Learning 1-1250, Verification 1-3000

6 1 1 1 | 1
Measured (dashed) and Identified (solid) Position Angle
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2 h’\w 1 J
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0 -~ - — - s et
V Error
2F 4
bbb Vrr oy
_6 1 1 r 1 1 1
0 500 1000 | 1500 2000 2500 3000
Number of sample: k
LEARNING DATA
Fig. 5: Car engine throttle positioning identification
Conclusions

The identification of two nonlinear dynamic systems using modularly structured neural
network with the new learning algorithm for the learning of both gating and expert
networks weights was presented. The problem of learning was formulated and treated as
a mixture estimation problem in which the log-likelihood function should has been
maximised. But, as opposite to the other methods we combined the gradient type of
learning for gating weights with a least-squares algorithm for the learning of expert
networks weights. Here, the experts were simple one-layer nets with a single linear
output unit. The very result of such an approach is a simple structured modular network
with improved learning and it seems with good capabilities for the identification of
general nonlinear dynamic systems. The results of the identification of discrete-time
nonlinear system corrupted with noise as well as of a car engine throttle valve from real
data set of 3000 recorded samples of measured noisy data are very promising. In both
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cases the learning was an one epoch procedure. It seems that the learning is a robust one
in the sense that the results are not heavily dependant on the weights initialisation and
on the learning rate. This robustness was supported by proper scaling of input variables.
The MOP approach is applicable whether the expert networks have hidden layer(s) or
not, what was the case here. In the former case the training of the expert output layer
weights should be done as described above and hidden layer(s) weights could be learned
by any standard (gradient or second order descent algorithms) or novel (eg, genetic
algorithm) procedure.
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