Applying Backpropagation through Time to a Real Inverted Pendulum Problem
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ABSTRACT

The “inverted pendulum problem” is perhdape mostwidely usedbenchmarking study to assess the
effectiveness of emergingontrol design techniques. In thgaper the “Backpropagation Through
Time” learningmethod is used to trainraultilayer perceptromeuralnetwork to control amctual
physical system, consisting in a pendulfree to pivot on aart, which is moved by a D@notor
within a space of 60 cm on a pair of slide guides. The goal of the neural controlleraisitain the
inverted pendulum balanced #te middle of the slide guides. The neurahetwork has been
implementedboth with aDSP andwith a Fast Prototipyng Neural SystdfPNS) hardware. The
experimental resultshow theeffectiveness ofhe used technique: timetwork isable to balance the
pendulum also from difficult initial conditions.

INTRODUCTION

The problem ofthe “inverted pendulum” is a classtopic in thefield of automatic control, for it
deals with anntrinsically unstable system, of relatively simple realizatihosedynamics is similar

to thosenvolved intasks such awalking andthe control of rocket thrusters [1], [2], [3)\lthough

a number of neural techniques has been used with simulated systenasglithesenvolving actual
mechanical pendulums and hardware neural networks.

Classicalcontrol theory tries tdinearizethe pendulum behavior close the equilibrium position (a
few degrees).This approach isable to maintain thiposition also with external forces trying to
perturbate the positioBut out ofthe linearized intervathe model looses precision atige system
can become unstable or even the pendulum can fall down. The neural network doesn't try to linearize
the problem and shows good performances also quite far from the equilibrium position.

In a first approach we used the same equipment used to contpelrthédum by means of a classical
P.1.D. Weonly replaced the contralgorithm withour net. In asecond approach we usedr Fast
Prototyping Neural SysterfFPNS) [4] toimplementthe neuralnet and to control theendulum
engine.

Next section describate mechanical systeiwhereas thdollowing section describethe learning
algorithm we used tadd thedynamic behavior to a multilaygrerceptron. Then weescribe the
cost function we studied to get thendulum equilibriumThe training strategy is then described and
the results obtained with the actual system are shown.

THE MECHANICAL SYSTEM

With reference to Figure the system can be described as follows: a pole is pivoted raovang

cart, the cart being constrained through bedirings on a pair of slide guides 60 cm lang moved
by a force obtained with a DC motor. The motadequeC,, gets transmitted to theart through a
timing beltand a couple of gears. Th&ate of thesystem is determined ltiie following set of state



variables:a (angle betweethe vertical axis andhe pole),a (angular speed of the poley,(cart
position with reference to the middle of the slide guidgggart speed).

The parameters characterizing thgstemare: J,

(moment of inertia ofthe motor’s rotor), PBnm

(torsional viscous friction coefficient dhe motor’s
rotor),J. (moment of inertia ofhe gears)R (radius
of the gears)M. (mass ofthe cart),3. (viscous
friction coefficient betweethe slide guidesand the
cart), M, (mass ofthe pendulum),l (distance
between the pivot and the ass center of the
pendulum),J, (moment of inertia othe pendulum
relative tothe pivot), 3, (torsional viscous friction

R _ coefficient atthe pivot); ifC,, is thedriving torque,
Figure 1: the mechanical system the equations of motion are:
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(The dry frictionsare notincluded in this model becausee kind of learning algorithm we use
requires, as discussed laterdifferentiable description othe system to be controlled). These
equations have been used to simulate the system with a fourth-order Runge Kutta algorithm.

LEARNING ALGORITHM

To control the invertegppendulum we make use die “feedbackcontrol” scheme in which we
suppose tohave the measures of the fowstate variables. The neural controller is raultilayer
perceptron with four inputs (the state vector), a single hidden layer and an output layerynaihne

unit. Theoutput signal of theneural controller is sent to gower amplifier whichdrivesthe DC
motor to produce the motor-torq@a.

The aim of the learningprocess is to train theeural controller tanaintainthe invertedpoendulum
balanced atthe middle of the slide guides, and thespecific algorithm used employs the
“Backpropagation Througfiime” (BTT) learningmethod, that allows introduction dfe temporal
factor in neural networks. A description of BTT can yet be found in the work of Rumelhart et al. [5];
a more detailed treatment is in [6] and an application to a motion-control problem is in [7].
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Figure 2: overview of a forward control sequence and of the subsequent BTT

The neural controbperateswith discrete time, sahe state of thenechanical system is sampled
everyAt seconds and passed to tieiral controller. At itsurn, the controller computes the control



signal in a negligible time, and such signal is legldstant for the entinaterval At. The network can
reach thearget ofmaintainingthe invertedoendulum balanced #te middle ofthe slide guides if it

is able togenerate a sequence of commands that dhigecartand thependulum from annitial
position to the desired final state (all state variables equal to zero).

A general overview of a forward control sequence arti@subsequent Backpropagation Through
Time isshown in Figure 2. This kind of learning is an atypical case of supervised lefmiting
only knowntarget is thelesiredfinal state, staté€)=(0,0,0,0),while are notknown both the proper
controller outputs and the intermediate states of the mechanical system.

At this pointtwo important questions arise. The first regattisavailability of aneural emulator of
the mechanical system, which is to bsed during the backpropagation phase. The emulator can be
obtained bylinking a neuralnetwork inparallel tothe mechanical system, so that even a traditional
supervised learning can be employed to tthennetwork to copy theystem dynamics. This kind of
procedure can alsagliminatethe traditional mdeling and identification phasestife actualphysical
system is usetbr emulator training. Anothgpossible way tayet theemulator is to compile, after
proper data acquisition process, a discrete look-up table vwgeea,a time interval onterest, the
final valuestaken on by the statariablesare expressed in terms of tinéial ones and of the action
one wishes to perform. Irour case howeversince the actualmechanical systemused for our
experiment had been usedtire pastfew yearsfor several non-neuralontrol studies, an accurate
model was alreadgvailable. Onlyfor accessibility issues weesorted tosuch model to estimate the
dynamicalbehavior ofthe system duringhe training phase (durinthe backpropagation phase, for
each temporadtep, thesensitivity ofthe output of thenodel withrespect to the motor torque and
the state variables have been approximated with the finite difference method).

The second important question we have to face with cond¢bensluration of the sequence of
controller commands: it depends thre initial state of themechanical systerand it isn’t known in
advance. As we W see in the section draining, this isnot acritical parameter ahe beginning of
the training, and anetwork with satisfactory performances can basily obtained. Once such
network isavailable, an estimate dhe durationnecessary for a@iven initial condition can be
accomplished by simulation, atide training can be drivetoward higher performancedMoreover
we have to consider that the minimization of the cost function interestely thefinal state of the
sequence, but th@hole sequence so that the duration of the succession can be overestimated. The
choice of a suitableostfunction will be discussed later. The complete schdorea single step is
shown in Figure 3.
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Figure 3: data flow

The right directedignalsarerelative tothe normal contro&ctivity, the left directed ones represent
theinformation relative tdhe derivative calculations thagiropagate backward in tlsystem (and in
time) duringthe BTT phase. ThienctionL represented by theval is a suitableostfunction of the
statex(k), whose derivativeb, (k) have to be summed tbhesecoming fromthe network,by(k),



and fromthe emulatorpy(K) (atits turn the emulatoreceivesthe derivatives information from the
temporal steps that in the control phase are subsequent)esh#ing vector by(k) is then
backpropagated through the emulator to the precdairegstep,obtainingthe signalsby(k-1) and
be(k-1).

The cost function

The availability of atarget point in the statgpace doesot allow by itsown directapplication of a

completely supervisedpproach to thigind of control problemsActually a suitable differentiable
costfunction has to be defined that somehow meadinediscrepancy betweethe current state
and the desired one. The nature of gphgblem prevents frordefining nativecostfunction like the

square Euclidean norm because contributicoing fromthe variousstatevariables have to be
homogeneouswhile the variables themselveare not. Of coursendividual contributions can be
weighted, but then 4 mormitical parameters have to be properly estimabathly on aheuristic

basis. We thereforgoursued an alternative approach #yectly attempting tominimize the

lagrangian of the idealized pendulum, defined as:

L=E. -E,

whereE; is thekinetic energy andk, the potential one. It is in fact apparent thattrget state is a
minimum for the kinetic energy and a maximum for the potential one.
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Figure 4 : the idealized
pendulum with the virtual spring
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With reference to the Figure 4 the kinetic energyEs= > M p(X2 +25d Icos@ )+ I°a 2)+§ Ja?;

the gravitational potential ergy is E,, = M glcosf ); however this expressiaioes notinclude

information about thedistance between thaiddle of the slide guidesand the pivotithis kind of
information can be given by an additior@ntribution coming from airtual spring shown with
dashed line in Figure 4, that involve the potential energy:
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The expression for the (that now is no longer a true lagrangian) is them E, - E, + E



L:%('\/Ip()‘(2 +2XG|COS(1 )+|2d 2)+ Jodz)_ MngCOS(X )+%kx2.

The derivatives oL respect to the stateriables, evaluatefibr x=x(k), are the components of the
vectorb. (k) in the Figure 3.

At this point is evident that the model of the mechanical system has to be differentiable; owing to this
reason it isnot possible to includehe dry frictions in this kind of algorithm, since they cause
remarkable discontinuity in the behavior of the system.

CONTROLLER TRAINING AND RESULTS

To train the neural-net controller we used tharning algorithm in acontext of “lessons” of
increasing difficulty, as hinted in [7]. Ahe beginningthe cartand thependulumare placed into
initial condition very close tthe target statex(in the range of+5 cm fromthe middle ofthe slide

guides andx in the range oft5 deg), and the duration of the control sequenéigead to 10steps
(these are non-critical parameters). When the controléiésto balancéhe pendulumithe duration
of control sequence starting frapecific initialconditions can be estimated throwginulation, thus
the training can be driven toward higher performances.

As examplethe initial learningcurve of a networkvith 6 hidden units is shown in Figure 5;tins

caseonly thefinal L is minimized, whilethe intermediated. are notconsidered ( shows ths, i.e.

the mean of the findl over the training set, consisting of 10 initial conditions).
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Figure 5: initial learning curve Figure 6: controller action

After 1500 epochs of learning, which onlythe learningrate ismodified,the controller showgood
performances. To train the netwouiitil this stage take d&w minutes with a486DX2 66MHz
processor. Theerformances of the controller canibgroved by progressively extenditige range

of theinitial conditions and estimating by simulatittihe needed duration of the sequence for the
moredifficult initial conditions. The network in thereceding examplevas able, after an advanced
training phase, to balantiee simulated (non linear) system from iaitial statewith a=40 deg. The
Figure 6 shows the response of the system with an initial angle dédg34nd iwirtually overshoot-
free.

The neural-net controller has been implemented both witBR andwith a Fast Prototyping Neural
System(FPNS) hardware [4] for thapplication tothe actualphysical system. Asften happen in
control system, not all the state variables are available; in our case there are only 3 transducers on the
system, andhe angular speed is not measured, thus we did obtaintiirough ananalogic
differentiator. The results with thphysical systemHgure 7 and Figure 8) confirrthe good
performances of the controller, though the presence of dry frictions gives rise to limit cycles.
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Figure 7: recover fronw;=27 deg, ¥ -25 cm Figure 8: square wave reference

CONCLUSIONS

The paper describes a neusgbtem able ta@ontrol an invertegpendulum placed on mechanical

cart.

Main topics of the work are the use of theme dimension in a MultilayePerceptron, the

definition of a particulacostfunction able to perform datadriven training ofthe neuralnetwork.
The neural systerdemonstrated good performances also wherassicalcontrol systems loses
rehability. A neural hardware controller was used to control the inverted pendulum.
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