Copyright © 2002 IFAC

15th Triennial World Congress, Barcelona, Spain

SYSTEM IDENTIFICATION USING DYNAMIC NEURAL
NETWORKS: TRAINING AND INITIALIZATION ASPECTS?

V.M. Becerra* J.M.F. Calado** P.M. Silva** F. Garces*

*The University of Reading
Department of Cybernetics
Whiteknights
Reading RG6 6AY, United Kingdom
E—mail: v.m.becerra@reading.ac.uk
** ISEL- Instituto Superior de Engenharia de Lisboa
Polytechnic Institute of Lisbon
Mechanical Engineering Studies Centre
Rua Conselheiro Emdio Navarro
1949-014 Lisboa, Portugal
E—Mail: jcalado@dem.isel.pt

Abstract: This paper explores training and initialization aspects of dynamic neural networks
when applied to the nonlinear system identification problem. A well known dynamic neural
network structure contains both output states and hidden states. Output states are related to
the outputs of the system represented by the network. Hidden states are particularly important
in allowing dynamic neural networks to approximate complex nonlinear dynamics. An
optimisation based method is proposed in this paper for properly initialising the hidden states
of a dynamic neural network, so as to avoid the introduction of bias in the network parameters
as a result of incorrect hidden state initialisation. Furthermore, a simple optimisation based
method is proposed to initialise the hidden states once the network has been trained. The
methods are illustrated with experimental data taken from a laboratory scale pressure plant.
Copyright(© 2002 IFAC.
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1. INTRODUCTION inputs to these static networks are usually delayed val-
ues of the inputs and outputs of the plant. The neural

Neural networks have become a standard tool for thenetwork is used to synthesise a nonlinear map. This
identification of dynamic systems. Many applications approach, however, has some disadvantages:
use static neural networks to build nonlinear input— ) )
output models of the plant. The use of neural networks  ® 1€ input structure is not easy to choose.
for dynamic system identification has been extensively ® The discrete time model requires re-training
researched in the last two decades. The attention of ~ When the sampling time is changed.
researchers was first focused on static networks such ® 1he problem of discrete time non-linear control
as multilayer perceptrons (MLPs) (Rumelhart and Mc- is not as _weII understood as that of continuous
Clelland, 1986), (Churchlanet al, 1992), and radial time nonlinear control.
basis functions (Broomhead and Lowe, 1988). The For the purposes of nonlinear system identification
dynamical systems, some of the most relevant ar-
1 Work supported by the British Council under the Treaty of Chitectures that do not suffer from the above disad-
Windsor Programme




vantagesare the continuoustime Hopfield networks
andtheir variations(Hopfield, 1982),(Koiran, 1994).
The first dynamicneuralnetworks (DNNs) were in-
troducedby Hopfield in the contet of associatie
memory(Hopfield,1984),(HopfieldandTank, 1985),
(Hopfield and Tank, 1986), but later modifications
made them capableof approximatingmultivariable
dynamicsystems Suchnetworks can be represented
by a nonlinear state spacemodel. The problem of
nonlineardynamic systemapproximationrepresents
an extensionof the problemof approximatingtime
seriesandtrajectoriegFunahashi1989).Input affine
DNNs can approximateautonomousnonlinear sys-
tems(Funahashand Nakamura,1993), (Kimura and
Nakano,1998), systemdinearly coupledto the con-
trol for single-input single-output (SISO) systems
(Delgadoetal., 1995)aswell asmultivariablecontrol
affine systemgGarcesetal., 1999),(Kambhampatet
al., 2000)andfurthermoregeneralnonlinearsystems
(Garces,2000). Stability conditionsfor DNNs have
also beenanalysed(Matsuoka,1992), (Sanchezand
Perez,1999).

This paperexploresthe problemsof training andini-
tialization of dynamic neural networks. DNNs are
characterisethy having a numberof hiddenneurons,
eachof which possessea dynamic state.Oncethe
architectureof theDNN is definedin termsof number
of inputs,outputsandnumberof statesthe numberof
hiddenstatesds the differencebetweerthe numberof
statesandthe numberof outputs.It is shavn in this
paperthatit is importantto considerthe initial values
of the hidden statesof the DNNs both for network
traininganduse andthatarbitraryinitialization of the
DNN'’s hiddenstatesduring training introducesbias
in the parametersinterestingly in the literaturepub-
lishedsofaron DNNsappliedto systemdentification,
the initialisation of the network’s hidden stateshas
typically beendoneusingzeros.

The paperis organisedas follows. Section2 intro-
ducesdynamicneuralnetworks. Section3 describes
the problemof dynamicneuralnetwork training and
describeghe effectsof notincludingthe initial states
of the hiddenneuronsin the decisionvector Section
4 introducesa methodfor initialising dynamicneural
networks. Section5 describes casestudyusingdata
from a pressurepilot plant. Section6 givesfinal re-
marksaboutthis work.

2. DYNAMIC NEURAL NETWORKS

Theintroductionof feedbackinto a feedforwardneu-
ral network architectureproducesa state spacedy-
namic model. Given suitableparameterdor the net-
work the orbits generatedy the statescorverge to
fixedequilibriumpoints.

Originally, recurrentnetworks wereintroducedin the
contet of associatie or contentaddressablenem-
ory (CAM) problemgKohonen,1989)and(Hopfield,
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Fig. 2. Dynamicneuralnetwork

1984). The uncorruptedpatternis usedas a stable
equilibrium point andits noisy versionsshouldlie in
its basinof attraction.In this way, adynamicalsystem
associatedvith a setof patternsis createdlIf sucha
CAM correctly partitions the whole working space,
then ary initial condition (correspondingo a sam-
ple pattern)should have a steady-statesolution cor-
respondingo the uncorruptedpattern.The dynamics
of sucha classifiersene asafilter.

The modelis definedby a one-dimensionaarray of
neuronseachunit canbe describedasfollows,

n p
Xi Z—BiXi-i-leijG(Xj)"‘Zl\ﬁjUj 1)
i= =

wheref;, wyij andy;; areadjustableveights,with 1/
aspositive time constantand p < n, x; the activation
state of unit i, and ug,...,uy the input signals as
seenin Figure 1. The function o(-) is typically a
nonlinearsigmoid-typefunction like the hyperbolic
tangenfunction. TheDNN is formedby asinglelayer
of n units asin Equation(1). For corvenience the
outputof the network is oftentakenasthefirst p units
of the statevector x, leaving n— p units as hidden
neurons.The network is definedin Equation(2) by
thevectorisedexpressiorof Equation(1),

X = —Px+ wo(x) +yu

§=Cx )

wherex € O" is a statevector u € O™ is the input

vector € OP is theoutputvector w € O™", o(x) =

[60x), -, 600)]T, ¥ € O™™, Co = [1ppDpe (n_p)

and B € O™" is a diagonal matrix with elements
[B1,-.-,Bn] in thediagonal.

It is assumedthat n > p, so that the network has
n— p hiddenunits. Hiddenunits areusedto increase
the dynamicmappingpotentialof the network. Their
dynamicsallow DNN'’s to discover and exploit regu-
laritiesin thesystemsuchassymmetrier replicated
structure(Hinton, 1986)and(Sejnavski et al., 1986).



The statevector of the DNN canthusbe partitioned
into the outputstates<, andthe hiddenstatesx:

N

wherex, € OP andx, € O"P.

3. TRAINING DYNAMIC NEURAL NETWORKS

Supposethat data have beencollectedfrom a real
systemthatis to be modelledby meansof a dynamic
neuralnetwork. Considera training datasetwith N
input—outputpairsandsamplingtime Ts:

Zn = [Y(t), U(tk) Jk=1,N 4)

wherey € OP is the measuredutput,u € O™ is the
input variable,and k is a samplingindex. Then the
problemof training the DNN to learnthe dynamics
from datasetZy may be written as an optimisation
problem.

The PredictionError Method (Ljung, 1999) attempts
to find the estimatedparametewector® € 0" such
thata lossfunction (typically the meansquareerror)
is minimised:
WO.Z) = & T [yt -J6OP ()
N ,N—ZNk;yk Yt
wherey(tk|0) is the outputvectorof the network (2) at
timety giventhedecisionvector®.

If the samplingtime is shortcomparedwith the dy-
namicsof the systemthat generatedhe datato be
fitted, then the loss function Viy may be written as
follows:

(.2 = 5 [ DO -SWOPR  (6)

wherethe integral sign denotesnumericalquadrature
using a fixed stepsize algorithm,and h = Ts is the
integrationstepused.

A nonlinearidentification problem can be castas a
nonlinearunconstraine@ptimisationproblem:

mein VN(G,ZN)

The optimisationis typically carried out using un-

constrainedQuasi—N&ton methodsor genetic al-

gorithms. The optimisationproblem associatedvith

training usuallyexhibits local minima, soseveralruns
from different(possiblyrandom)initial decisionvari-

ablesshouldbe made,noting that geneticalgorithms
arelesssensitie to the initial valuesof the decision
variableghanQuasi—N&ton methodsatthe expense
of highercomputationatequirements.

For training purposesthe decisionvector that has
typically beenreportedn theliteratureis basednthe
matrix coeficientsof the DNN (2):

El
6= [ veqw) (7)
vedy)

wherefy is a vectorwith the diagonalelementsof 3
andved-) is avectorcreatedvith thestacledcolumns
of anargumentmatrix (-).

It is proposedn this paperthatthedecisiornvectord be
augmentedo includetheinitial valuesof the hidden
statesof the DNN, xp(t1):

)
veqw
veqy) ®
Xh (tl)

Thetraining procedurevould be asfollows:

Procedue 1. (DNN Training).

e Stepl: Initialize the outputstatesasfollows:

Xo(t1) = y(t1) 9)

e Step2: Initialize thevaluesof By, w, y andxn(t1)
with randomvalues.Form the initial decision
vector®® accordingto Equation(8). _

e Step3: Computethe decisionvector 6 by solv-
ing the associatedoptimisation problem, with
Vh(6,2ZyN) givenby eitherEquation(5) or (6):

6= agmin - (8, Zy) (10)

Notice that the output statesare normally initialized
with the valuesof the output variables.Also notice
that several runs of Procedurel may be requiredto
checkfor local minima.

If the initial valuesof the hidden statesare not in-

cludedin the vectorof decisionvariables,thenit is

likely thatthe resultingmodelparameter$, w andy

will be biased.The explanationof this is asfollows.

Althoughtheinitial valuesof the hiddenstatesx,(t1)

do not affect the initial valuesof the output states
Xo(t1) (which aretypically setto matchthe real sys-
tem’s output),theinitial valuesof the hiddenstatesdo

affect the initial time derivatives of the outputstates
Xo(t1). This canbe easily inferred by looking at the

following form of Equation(2) attimet; andrecalling
thatw is afull matrix:

d Xo(tl)] [Xo(tl)] ([Xo(tl) D

N —_ wWo

dt [Xh(tl) B Xh(tl) + Xh(tl)

+yu(ts)
(11)

So, by fixing the initial valuesof the hiddenstateso
zerofor training purposestheinitial time derivatives
of theDNN outputsmayhave differentvaluesthanthe
time derivativesof thedatathatthenetwork is required
tolearn.Thiswill forcethetrainingalgorithmto adjust
the network parameter{3, w andy to compensate



for the initial incorrectvaluesin the derivatives, so
introducinga biasin the valuesof theseparameters.

In linear statespacemodelling,the effect of theinitial
statesdependson the stability of the modeland can
be separatedrom the influenceof the externalinput.
If the linear modelis asymptoticallystable,thenthe
effect of the initial statesdecaysexponentiallywith
time, and if the systemdynamicsare fast, then the
effect of the initial statesdisappearguickly (Ljung,
1999).

Ontheotherhand,in nonlinearstatespacemodelling,
theeffectof theinitial stategsricher:firstly, theeffect
of theinitial statescannotbein generakeparateétom
the effect of the externalinput. Secondly evenif the
externalinputis keptconstantthesystemmayexhibit,
for example, multiple equilibrium points, instability,
limit cycles or chaotic behaiour, dependingon the
valuesof theinitial stategKhalil, 1992).

4. INITIALIZING DYNAMIC NEURAL
NETWORKS

Oncea DNN hasbeentrained, it is likely that the
designewill useit onadifferentdatasetfor validation
or simulationpurposesor it mayevenbeusedon—line
aspartof amonitoringor nonlinearcontrolscheme.

Denotey,(t1) thevalueof the outputvectorattimet;
anduy(t1) asthevalueof theinputvectorattimet;.

A simpletwo stepprocedurecanbe usedto initialize
theDNN attimet;

Procedue 2. (DNN Initialisation).

e Stepl: Initialize the outputstates¢(t1) with the
valuesof thesystems outputattimets:

Xo(t1) = Y(t1) (12)

e Step2: Initialize thehiddenstates«,(t1) by solv-
ing thefollowing optimisationproblem:

X(tz) = arg min (y(tz) - %(t)?  (13)

wherey(t;) canbe calculatedfrom known data
using finite differencesand %,(t1) can be cal-
culatedfrom Equation(11), given the valuesof
Xo(t1), Xn(t1), B, wandy.

If theDNN is beingusedfor validationpurposesthen
y(t1) may be calculatedusingthe validationdataset.
Ontheotherhand,if theDNN is beingusedin anon—
line application theny(t;) canbecalculatecusingthe
recenthistoryof y(t).

By using Procedure2, it is ensuredthat the initial

valueof the hiddenstatevectorxu(t1) is suchthatthe
initial outputderivative of the DNN, Xo(t1), is asclose
aspossibleto therequiredvaluey(t; ).
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Fig. 3. Schematiadiagramof the pilot plant

Notice that in generalthe numberof hidden states
is differentfrom the numberof outputs. Therefore,
formulatingthe DNN initialization asan optimisation
problem is more generalthan formulating it as a
nonlinearequationsolutionproblem.

5. CASESTUDY

To illustrate the conceptspresentedabove, a case
studyhasbeencarriedout usingdatafrom a pressure
pilot plant,whichis describedelow.

5.1 Thepressue pilot plant

The pressurepilot plant usedin this casestudy is
illustratedin Figure 3. It consistf a pressurevessel
containingair andwater Theair pressurés measured
at the top of the vesselby meansof a pressurdrans-
ducer A hydraulic pump is usedto createa water
flow thatenterghevessethroughaninlet pipeandso
decreasetheair volume,thusincreasingts pressure.
For a given pump rotation speedthe systemreaches
an equilibrium point whereno extra waterentersthe
vessel.Furthermorethe direction of flow canbe re-
versedsuchthatthelevel decreaseandsodoestheair
pressureThe input signal,with a rangeof 0-10V, is
the voltageappliedto the power amplifier that drives
the DC motor that operateghe hydraulicpump.The
signalsaresentandacquiredoy asupervisoryPCviaa
Profibusnetwork. The pressuresignalrangesetween
0 an100mBar Thesamplingtime usedwas0.165s.

5.2 Results
Both the training and validation data setswere ob-

tainedexperimentallyandhad500 input—outputsam-
ples each.The optimisationwas carried out using a
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Fig. 5. Validation trajectorieswith optimisedinitial

Fig. 4. Trainingtrajectorieswith optimisedinitial hid-
hiddenstates

denstates

Quasi-Navton unconstrainedptimisationalgorithm
implementedn functionfminung whichis partof the
OptimisationToolbox in MATLAB version6.1. The
DNN usedhadatotal two statesoneoutputstateand
onehiddenstate.Iln orderto make a fair comparison,
thetrainingrunswerecarriedoutfrom thesameinitial
valuesof the parameter$, w andy. This casestudy
compareghe training and validation performanceof
the modelscalculatedwith andwithout the optimisa-
tion of the hiddenstates.

Training data
T T

For training purposes,all signals were scaledand
translatedsuchthat their rangewasin the interval [- T
1,1]. Figures4 and5 shaw thetrainingandvalidation
datarespectiely, with optimisedinitial hiddenstates,
asdescribedn Sections3 and4. Figures6 and7 shav
thetraining andvalidationdata,respectiely, with the
initial hiddenstatesetto zero.Notice the differences
betweerthe resultswith andwithout optimisedinitial
hiddenstate.

F

ig. 6. Training trajectorieswith zero initial hidden
states

Validation data

The valuesof the parametersvhenthe initial hidden
statewasoptimisedwere:

0.2479
Ba = [5.6164 (14)
21166 —7.233
©= [—1.1385 2.1893j (15) | |
_ [5.3787 16
Y= 127541 (16) Fig. 7. Validationtrajectorieswith zeroinitial hidden

The valuesof the parametersvhenthe initial hidden
statewassetto zerowere:

0.2166
Ba = [23.7131] ()
—2.7336 —6.981
- [—5.8830 10.6523 (18)
5.6761
Y= [11.7504 (19)

Notice the differencesn the parameteraluesin both
caseswhich indicate the presenceof bias whenthe
initial hiddenstatewasnot optimised.

states

6. CONCLUSIONS

An optimisationbasedmethodhasbeenproposedn
this paperfor properlyinitialising the hiddenstatesof
a dynamic neural network, so asto avoid the intro-
duction of biasin the network parametergasa result
of incorrecthiddenstateinitialisation. Furthermorea
simpleoptimisationbasednethodhasbeenproposed
to initialise the hidden statesonce the network has
beentrained.The methodsareillustratedwith exper
imental datataken from a laboratoryscalepressure
plant.
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