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Abstract

It is common that artificial neural networks (ANNs) are used [or
approximarning the inverse dynamics of a plant. Tn the accompany-
ing paper & sclf-erganising ANN modcl fer assaciative idenufication
of the inverse dynamics was introduced. Ilere we propose the use
of approximate inverse dynamic modals for hoth Sratic and Dynamic
State {SDS) feedback conirol. This compound contraller is capable
of high-precision comrol even when the inverse dynamics is jus, qual-
itatively modcled or the plant’s dynamics is perturbed.  DPrepertics
of the SBS [ecdback Controller in learning the mnverse dynamics as
well a5 comparisons with other methods are discussed. An exampleis
presentad whan a chaotic plant, a bioreactor, is controlled using the
SBS Contraller  We found that the SDS Controller can cumpensate
mudel mismatches than otharwise would lead to an untolerably large
crror if a traditional controller were uscd.
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1 Introduction

A vast ameunt of werk has dealt with neural networks for contrelling a plant
with knewn, partially known, or unknewn dvnamics. Some of the proposed
techniques separate the learning and a snbsequent working phase. During the
working phase the cantroller is no longer adapting. Tn real world problems
1t 18 quite commen, hewever, that the plant’s dynamics changes ever time,
ie., it might be necessary te retain adaptivity Adopting now a different ap-
proach, the retention of adaptvity during the working phase cannot solve all
problems. To give an example, if the dynamics has to be relearned whenever
the load of a manipluater changes it may invelve a censiderable time until
the contreller can get accustemed te working with the required precisien in a
new task. There are at least two eptions when dealing with this problem: {1)
add new dimensions Lo Lhe state space of the plant and exlend the sensory
set (c.g., measure the load on-line) Anderson and Miller, 111 1992, or (ii) usc
a teedback controller in order to cxtend the regien in which the fecdterward
controller can work Mivamoto, Kawato. Sctoyama, and Suzuki 1988: Lewis,
Lin, and Vesildirek 1995. This latter aption has several advantages bus may
also be disadvantagecus

The advantage of the extra Feedback Controller (FBC) is that it allows
the Teedforward Controller (I'T'C) to work with a breader range of problems
since the FBC can compensate for errors. The other side of the coin 8 that
error compensation can not remain perfect for non-linear centrol problems
for a finite pariod of time in the general case. Tn order to appreciate this, one
should assume that ideal compensation is achievable. Clearly, this results in
theloss of the input of the FBC and this means that the compensation signal
remains nnchanged. Tlowever, as the plant moves the “ideal” compensation
signal changes and thns the compensation signal of the centroller becomes
imperfect. Also, since feedback is werking on the basis of a possible error,
such an errer first has te develep befers any compensatory action can be
made, Le., feedback control is somewhat delayed.

In Szepesvari and Lérincza 1995 we proposed to use the same inverse dy-
namics centroller {a contreller that has learnt and approximated the inverse
dynamics of the plant} for both FFC and FBC. The FFC is extended by an
exlernal, compensalory coutrol signal [or compensaling perturbaticns of the
plaut’s dynamics. The rate of change of the compensatory ceatrol signal is
the difference of the optimal centrcl signal of the unperturbed plant and the



control signal that would move the nnperturbed plant in the directicn along
which the plant has meved. This latier control signal Is computed by the
FBC.

"I'he said proposal might be an attractive answer to the dilemma “when teo
switch between feedferward and feedback contrel methods”. The dilemma
arises when the learning issue is considered, since errors should resnlt in

place, than an interesting instability may arise, namely: Which system is to
be blamed for the errer? Tn other words: Which system shonld be trained?
This is one type of the credit assignment problem Minsky 1961, Thig problem

shall retnrn to this point later. Tt will be shown by theoretical considerations
as well as by computer exparimeants that the componnd controller is capable
of compensating perturbations, i.e., perturbations that do not reverse the
effect of any component ef the centrol signal

2 Preliminaries

2.1 Terms

The terminolegy will be defined first since the meaning ef some of the con-
cepts may be dilferent depending on the field, viz. Control, Artificial Intelli-
gence, Neural Nelworks, cle.

If planning and centrel arc interlcaved, i.c., at cach time ¢ the upgraded
instantancous (statc) informatien! is used to gencratc a new contrel signal
then the system will be called a closed-loop system. If the value of the contrel
al lime { depends only on the stale of the plant al the same time, the control is
said to be in a siatic state feedback contrcl mode and tha centroller is callad
a. feedforward controller (T'T'C). Assnme that the planmed motion and the
actnal motion are differenc. Then the diffarence, i.e. the error, can baused te
generate an error-compensating signal. GGeneration of the error-compeansa.ting
signal is the task of the feedback controller (FBC). (Note the ambignons use

't is assumed that the state information contains all the information needed te describe
the dynamics of the plant. Tn case of sensorimoror control the state information shonld
be developed frem the sensory input. In this case olservability, i.e., whether enough
information can be recevered or not, is also a question,
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of the term feedback) The cutput of the feedback controller sheuld be
integrated 1o crder to recall previous errors and thus to develep a preventive
compensatory control signal. ‘I'his means that a fcedback contreller applics
dynamic statc fcedback, i.c.. it 1s preciscly the dynamics of the (cempensatory)
contrel signal that depends en the state of the plant as oppesed to the case
of static state feadback when the control signal itself depeands on the state of
the plant. In other words, in the case of dynamic state feedback the contrel
signal is the ontpnt of another dynamical system. If, however, one views the
problem from the aspect of the feedback controller, its ontpnt may depend
only on the error, i.e., the feedback controller may itself be a feedforward
control system werking en the error as the state input. From this viewpoint
the task of the feedback and that of the feedforward controller are similar:
both shonld map state values to control valucs. Tn the following we 1se the
tarm feedback control 1o refar to dynamic state feadback control.

2.2 Ferward, inverse dynamics and the speed field track-
ing task

Let R™*" denote real m x 7 matrices. We say that a matrix A admils a
gencralized inverse? i there is @ natrix X for which AXA = A holds. I is
well knewn that (i) A is nensingular if and only if it has a unieuc generalized
inversc and (ii) all the solutiens of the lincar cquation Ax = b have the
ferm x = Xb 4+ (E — XA)y, where E is the unit matrix, provided that
the considered linear equation has a solution at all Ben-Israel and Greville
1974, Here v denoted an arbitrary vector of the appropriate dimensions
T'or convenience, the generalized inverse of a non-singnlar matrix A will be
denoted by AL
Assume that the plant's equation is given in the following form Tsidori
198¢:
d =b(q) + Alq)u (1)
where g € R™ is the state vecter of the plam, ¢ is the time derivalive of g,
u € R'™ 1s the control signal, b(e) € R*, and A(q) € R"*™. Wc¢ assume
that the domain (denoted by L) ef the state variable q is cempact and is
simply cennected: that n < m, and for each q € B the rank of matrix A(q)
is eqnal to n: that is, the matrix is nonsingnlar. As a consequence the plant is

2Sometimas it is called the pseudc-inverse, or simply the inversa of matrix A



strongly controllable. In this case the inequality n < rn means that there are
morc independent acluators than slale vecler compencnls, 1.c., the control
preblem 1s redundant. Anocther kind ef redundancy, er ill- poscdness occurs
when 7 > moin which case even A7! is nen-unique

Further, we assume that beth ef the matrix fields, A(q) and A71{q) are
differantiable wi.r.i. q (differantiation is assumed to be extended to matrx
fields in the nsual way Lovelock and Rund 1975)

One way to obtain a closed-lcop control task is to consider the speed field
tracking problem. This is defined as follows: T.et v = v(q) be a fixed »
dimensional vector field over ). The apeed field tracking task is to find the
static state faedback control 11 = u(q) that sclves the equation

v(q) =b(q] + A(q)u(q) (2)

More cenventional tasks, such as the point to point control and the trajectory
tracking tasks cannet be exactly rewritten in the form of speed field tracking
Further discussion of speed field tracking can be feund in Szepesvari and
Lérincs 1996.

Given the plant's dynamics by Equation {1) the inverse dynamics of the
plant is given as fellows:

pla, ) = A7 (G —bla) + (F - A~ Adeg) )y (e, t), (3)
where y = ¥(q,#) is an arbitrary functien Of ceurse, the control signal

u{q) = p(q,viq))

solves the speed field tracking centrel task given by Equatien (2). In the
Jollowing we will look al the main value of the inverse dynamics, e, we
assume that y(q,t) =0 and thus

pla,v) = A~ () (4 - bic)). (4)

This assumptien simplifics the calculatiens and is justificd later.

=~

3 Theory of SDS Feedback Controllers

3.1 The perturbed equatiens

Assume that the equation of motion of the plant changes and the new equa-
tion system reads as follows:

a=blq) + Alqn, (5]

where Alq) is a nengmgular matrix field. Tiet us first assume that we seek a
static state feedback compansatery control signal. w = w(¢q), such that the
contral signal n(q) + wiq) solves the original speed field tracking problem
for the perturbed plant. One can check that for the compensatory contrel
signal’

wia) = A~ (q){vla) - ¥{a)) (6)
1t holds that & = v(q). Here viq) is the speed vecter field fellewed by the
perturbed plant provided that the centrel signal is uiq):

v(q) = biq) + A{e)u(q)
Indeed,

4 = biq)+ Alq)(niq) + w(q))

viq) + v(q] - viq)
= viw).

Unfertunately, the learning of wiq) is as complex as 1t is to estimate
A~!{q) and b(«) and thus it 15 the same as retaining the adaptivity of the
[eedlorward centrcller. We sheuld like (¢ alleviale this preblem by introduc-
ing dynamic state [cedback [er cstimaling the compensalery control signal
3.2 Compecnsatory Dynamic State Feedback Control

First, observe that wiq) satisfies the equality

uiq) = p (g, v (q,wiq)}, (7)

“Note that the compensatory control signal w(q) + (F — A~ '(q)A(q))y(q,?). where
Y = yiq,t) is arbitrary, results in ¢ = viq), too. Thus wiq) can be viewed as the mean
or main part of perfect compensatory signals

8



where _
vig.w)=q=blq) + A(q:](u(q\,\ + w), (8)

Indeed, if both sides of Fqnation (7) are multiplad by A(q) and b(q) is
added we arrive at the equation

via) = v(q,w(a)) (9)

which 1s equivalent te the desired ¢ = v(q) The simplest errer-feedback law

1s te let w change until Equation (7) is satisfied. Then we get the fellowing
equarions:

W o= A(u(q)—})((J.V(fly‘v)])
biq) + A(q)(u(q] + w) {10)

q

where A 1s a fixed positive number * Fortunately, Equatien (10) can be re-
alized by applying a cempound centrel algerithm provided that the speed ef
the plant is measurable. The block diagram of the compound conuroller is
given in Fig. 1. As is depicled in the lgure and is suggested by the cqua-
tions the centreller that realizes the inverse dynamics plays a dual role: it
cemputes the feedforward centrol signal that would meve the unperturbed
plant inte the desired direction and, in case of error, the very same controller
also computes the (feedback) compensatory signal. The compound contreller
will be called Static and Dynamic State Feedback Controller (SDS Fasdback
Contraller). The computation of the control signal is as follows: We assume
that the state and the speed of the plant are available. The invarse dynamics
controller first computas the feedforward control signal by using the speed
field to be tracked at point ¢. Then the same controller compntes the dif-

Now the feedforward control signal is subtracted from the feadback control
gignal, the resnlt is integrated through time, and added to the feedforward
centrol signal The sum 1s used as the mput te the plant

4Equivalently onz might consider the feedback 2quation
wo= -’\("(q) +pla, —v(q, W)'J)-

Again, in the case of equilibrium w = w(e). These two equaticns are not the same if b(a)
is nonzerc.

It is clear that in [eedback equilibrium, ie., when w = 0, it must held
thal v(q) = v(g,w). On the other hand, i al any time wi{{) = 0 bul w(q)
ls non-censtant in the ncighbourheed ef g then wit + s) must differ frem
wiq(t+s)) previded that s is sufficiently small. ‘I'his mcans that w cannot be
kept ideal. Belew it will be indicated that under some well defined conditiens
w can be kept as close 1o the ideal control signal as desired by choosing large
enough A.

To proceed m this direction let n1s rewrite Tiquations (10) hased on the
variable

7= Alqw — (v[q) - v(q))_ (1

Note that if and enly if w = w(q) then z = 0. T'hus z may be viewed as an
error variable. Fquations (10) now take the form

q = vig)+z
w o= —AATYq)z (12)

These equations show that the plant approximarely follows the prescribed
spead field provided that z 1s small  As a special case we mentien that 1if
thera is no perturbasion as all, then w converges to zero at an exponential
rate. This might be seen directly from Tquations {11) and (12). Tn the
fellowing the perturbed case will be censidered and we shew that the errer
can be kept small

3.3 Uniform ultimate boundedness

Seme notions en stability are needed fer the subsequent develepments. Let
R denctle the set of real numbers, and R denole the real n-dunensional
vectors. Consider the aulonomous system

x = fix), (13;

where x is the element of D, Dis a compact subsaet of R™, and f is a vector
vahied smooth functicn over . The schition of Equation (13) correspending
to the initial condition z(0) = £ is dencted by @(t:£) (€ € D). Tt is assnmad
that the ontpnt of Tiguation {13) is

v = hix),

10



where y € R, and & is conlinuous. Let || - || denole an arbitrary norm cver
R’ and let & be an arbitrary subscl of RY. We say that the outpul of the
above systecm is uniformly ultimaicly boundcd (UUB) w.r.t. the sct U if there
is a bound # > 0 and a number 7" > 0 such that fer cach sclution ©{¢;€)
for which k{¢) € U it helds that ||k{p(¢;£])|| < b previded that ¢ > T and
¢(t;€) is defined for £. Tf h{x) = X, then we say that the system is UUB.
Since ¢it +t5;6) = ¢(fy;¢(r2;€)) for all € and #1,£2 > 0, it follows that if
the ontpnt of the system is UUB and hip(t;€)) € U for some & and # then for
all # > ¢+ T it holds that ||hic(#; €))|| < b. T will be called the absorpticn
nme.
Let us assume that system (13) is decomposed inte two parts:

% = fi(x)
%3 = fy(x), i14)

where x; € R* | x0 € R"  ny,n0 > 1 and ny + ns = n. Further assume that
the output of system (14) is h{x) = x; The fellowing theerem is preven in
Szepesvar and Lorincz 1995

THEOREM 3.1 Let its consider the antonomous differential equation given by
(14). Assume that the domain of this equation contains a neighbourhood of
zero. Let || - || denote an arbitrary norm on R and let

B={xch[k<|xl<r}

where I < K are positive numbers and Xy denotes the vector formed from the
first m1 components of x. Assume further that we are given a fired positive
number, 3. Now suppose that there exists a real-valued function V = Vix)
défined on D, V' bhas continuous partial derivetives on D, and V satisfics the
following properties:

1 V(x) = W{||xi1]|), where W is a sirictly increasing function;

2 if x € R then L(x) < =5

Then the output v = x1 of system (14) is UUB w.r.t. the set {x € D |
[[xi[| < K} and bound b,

This theorem states that under the required conditions Fquation {14) is
partially uniformly bounded. Some partial stability cencepts were censiderad
by Rumiantsev Rumiantsev 1957

11

3.4 The ultimate beundedness of the feedback errer

Tet us denote by Apin(A) the singular volue of the qnadratic marrix A, that
has the least absolute value Of course, A, (A) > 0 helds if and enly if A is
pesitive definite Let us denote by ||-|| the Euclidean norm. We use the same
notation for the Fuclidean norm of vactors, the induced FEuclidean norm of
matrices and tensars.

We will assume that the perturbation of A(q) is decompesed as

Afa) = Dig) Alq) (15
and let )
r{a) = b{y) - b(q) (18}
Further, let
diq) = viq) — v{q).

Elementary calculatiens show that
diq) = (FE - D(q))(v{q) — biq)) + Dig)r{q) (7

‘I'hc follewing thecorem gives the cenditions of the uniferm ultimatc beund-
adness of the arror of tracking:

THEOREM 3.2 Assume that the perturbation of A(q) is given by Equation (13)
and the perturbation of b(q) is given by Equation (16). Suppose that Alg),
b(a), v(q) and D(q), r(q) have continuous derivatives and that the following
constants arc positive:

o = f{||IAl | ze D) (18]
4 = nf{|[D(q)|| | z€ D} (19}
A= inf{ AmnMiq) +DT(qQ)) | q €D} (20

Then for all € > 0 there crists a goin A and on absorption time T > 0
such that for oll 2(0) that satisfy ||2(0)]| < KA it holds thai ||2(f)]| < «
provided that + > T and the solution can he continued up to time t. Here K
is a ficed positive conatani and z(0) denotes the initial value of 7. Further,

A~ OQ /).



For convenience D{q) + D7 (q) will be called the Symrmetrized Perturbation
malriz and will be abbreviated o SP-matric. Further, we say thal a per-
turbation ef Eequaticn (1) is non-invcrtive or uniformly positive defintic if A
{ddincd by Eeuation (20)] is pesitive

The preef, which is based cn the Liapunov functien V{x} = 27z, is given
in Szepasvari and Lirinez 1995,

3.5 Discussien ef the theery

Tn this section wa congider some spacial cases of the above theoram for varicus
types of systams. We start with the most simple case:

Tt is easy to show that the undesirable non-gquadratic tarms of the deriva-
tive of the Liapunov funcrion (13') disappear if the plant’s equation is given
by

q=Au+bh, (21)
and the perturbation and the vecter field tc be followed are constant Indeed,
in this case D'{q) = 0, Al(qj) = 0, and d{q) = d is conslant and thus
d'{q = 0. Conscquently, in this case V is negalive delinite and the origital
thcercm of Liapunev applics. Thus wec have the follewing special case:
PrerosrTioN 3.3 If A(e), blq). D(q). riq) and v{q) arc constant ficlds
then z converges to zero and w converges to w(q) = (E—A".;\Ju+A'](b—
bl as lime yoes Lo infinily.

Assime mext thas the plant is linear, 1.8,
q=Au+Bq

Then using the above argument one gets that the errcr signal z is ultimalely
bounded in the region

2B - B|| {2|B- B
F\":{z|||'z|>ma\'( I s /20 - ”“)},

where v = supq ||[viq]|| provided that u = u(g] = const. That is, in this
special case we arrive al the eriginal concepl of ullimate boundedness {the
term of order O(]|z||*) disappears from V.

13

An inleresting question is whelher [or classical mechasical models the
perturbation of the “gecmetry” and ether physical propertics ol the plant
result in unifermly positive definite perturbation or not. ‘I'hc answer 1s pesi-
tive at lcast for the fellowing special casc. Comnsider the rebot arm working in
three dimensional space with 3 degrees of freedem (see Fig. 2. We assume
a simplified modeal of the arm’s dynamics that seams to be a ‘“reasonable
compromise hatwaen system complaxity {and thus realism) and ease of im-
plemeantation” Anderson and Millar, 11T 1992, The mcdal is complate in that
all joint coupling terms (centripatal and Cericlis torques, variable effective
moments of inertia, etc.) areincluded. It is still an idealized model, howevar,
in thar all masses are assumed to he placed at discrete points and effects such
ag drive train friction are not modelled. The arm is similar to the thres ma-
jor axes (base, upper arm, and forearm) of typical industrial rchots. Wa are
mterested in the propertias of the symmerrized perturbation matrix of this
rebet arm previded that the arm grasps er releases an idealized object (1.2,
the mass of the end point changes] Of ceurse, the perturbatien matrix 1s
nonlinear One can prove that the SP-matrix is positive definite and even
that it is umiformly positive definite. The calanlations are givan in Szepasvari
and Lérincz 1995,

3.6 Compensatory control using nenrocontrollers

In this scctien we treat the inverse dynamics ncurecentrollers within the
gencral contrel scheme discussed abeve. I'he use of ncurecentrellers — be-
cause they represent a large class of adaptive controllers —is impertant when
the dynamics of the plant is nel known in advance or ulicerlainties may he
presant in the dynamics. Adaprive controllers learn te control a plant from
control samples. Diract methads aim to devalop a centrol mle without ex-
plicitly finding a model of the plant. Tndiract metheds first go throngh an
identification stage to establish a madel before applying other techniqnes to
find the control policy Vemmri 1993, Neurocontrollars can also be classified
according to how the training data i3 nsed for learning. On this hases we
digtingnish variationel and non-variational learning schemes. In the case of
variational learning an errer is computad frem a desired and actnal respeonse,
whereas fer nen-variational schemes there is ne desired respense. Indirect
metheds tend te utilize variational schemes, and direct methods utilize both
variatiomal and non-variational schemes

14



Ancther classilication of learning schemes Is based on whelher or not
learning is interleaved with problem solving. Lo the former case we say Lhal
the lcarning is on-linc, etherwise it is off-finc

First we censider the cffect of simultanceusly training and usimg a mcu-
rocontreller such as the dynamic state feedback centroller Thus, in this
case the same learning nenrocontroller is nsed to control the plant. First we
discuss that the precision. of tracking may be increagedif one nses a nenrocon-
troller; which represants the inverse dynamics of the plant just epprocimately,
for S1S control. This question is of great importance sinces the inverse dy-
namics of the plant may not be axactly reproduced using a previously fixed
sat of models (i.a., with a fixed architectnre and ad justable paramerters). The
errar obtained by choosing the hast model from the set of possible models
i3 called the structural approrimation error while the arror resulting from
sub-optimal weights is callad the learning error.

To see that the abeve statement helds, assume that the plant’s equation
is given by Equatien {1) and assume that we appreximate A™'{q) by P{q)
and h(q) by s{q). Then, of ceurse. A(q) “approximates” P~'(q) Now let
us imagine that the invarse dynamics of onr controllar is “axact”, ie, the
plants equation is given by

)

a="P"(q) +slq) 22)

Now, (1) is thought of as the perturbed system and (22) as the unperturbed
system. 1f we apply Theorem 3.2 we get that umder seme smoethness cen-
ditions and provided that infy Aain(MTq) + NDiq)) > 0, whare NDiq) =

the error of tracking) is UT/B and the nltimate heund on arrer is propartional
to 1/A. The positivity of the symmaetrized pertiirbation matrix fallows if P
approximates A~' sufficiently closely. Tf A = mfy duin(NT(q) + NDiq)) > 0,
we say that the controller represents the inverse dynamics of the plant sign-
properly. 1f A = 0 then we say the controller reprasents the invarse dynamics
of the plant semi-sign properly. Without the feadback signal, ie, when
A =0, the (ultimate) beundedness of the error cannot be guaranteed {a few
examples are given in the simulations).

Thus if the above symmetrizad perturbation matrix is uniformly positive
then the use of the neurecentroller for SBS Centrol seems te be advantageeus
even during the learning phase On the ether hand. if the initial centreller

does nol represent Lhe plant (seini-)sign properly then cne should be cautious
in using the controller for SDS Conurol since the boundedness of the com-
pensatory signal cannet be cnsured. Omc should therefore have a signpreper
initial guess of the imverse dynamics of the plant in erder to allow lcarning
and feedback te work simultaneously. There are twe ways te achieve this
First, one may initialize the controller so that it realizas the averywhera zero
function, or one may prelearn a 0th stage model nuntil it is signpropar

TTowawer, it is still possible that controllers heing signproperly may render
the syatem imatable during learning, depending on the learning rule applied
This question is considerad in the rest of this section. First wa consider direct
mathods Grossberg and Kuperstein 1986; Pasaltis, Sideris, and Yamamura
1988; Widrow, McCool, and Medoff 1978. The usual way of implementing
the direct meathod is the following: a random action {control signal) is tried
and the effect of the action re.g., the direction of motion) is observed. Then
we asseciate the effect with the actien that caused it In this case while
learning there is ne external signal to felloww and thus there is ne errer term
It is therefore meaningless te compurte the dynamic state feedback signal. If
the learning phase (i.e., the salf-ganaraticn of axamples) is completad and the
controller should then track am extarnal signal, than feedback can be switchad
on. If the adaptivity ef the centreller 1s still retained then both the feedback
and the learning ef the centroller may work simultaneously. [Alternatively,
this working mode can be assumed (rom the beginning.) Note that for proper
learning the FFC should asscciate the wrue centrol signal (ic., the sum of
the contrel signals ef the FIFC and the FBC) with the actual mevement
(cffect ). Hewever, this Icarning modc requires a well designed cxternal sigmal
te follow in erder to ensure the ergedicity ef the plant's trajectery as well as
exhanstive sampling [rom the space of centrol signals Narendra and Monopoli
1980.% Note that during learning the tracking of the desired trajectery is more
precise with SDS Control than without it and this means that if learning is
stable without the SDS Feedback Centrol then the stability of learning is
ensured with it too. Furthermaore at the end of learning the compensatory
contral signal becomes small: it compensaras the structural approximation
arrcr only

“Note that exhaustive sampling of control signals restricts the range of cantrol prob-
lems where direct methods can be used. Ier high dimensicnal contrel spaces exhaustive
sampling may “ake 100 long 10 he practical



The other method, known as the indirect method (cr model dilferenti-
ation) Jordan 1990; Werbos 1988 Widrow 1986 requires a well designed
cxternal signal to follew. In this casc the comtroller makes an infermed guess
as to which centrol signal should give risc to the provided external signal
This guessed comtrol signal results in a movement or effect that i1s usually
differant from the axternal signal. The diffarence batwean these two is than
nsed as an error tarm. Than, the parameaters of the cantroller are modified so
that the error is reduced {usnally only on average). Note that here the error
is a state or speed error. Fram this arror should one compute the arror of the
control signal, i.e., the obtained error shculd be “back propagated” through
the plant dynamics. To this end the dynamics of the plant is modalled first
{or agsumad to be known) and then the model is used to back-propagate the
error: thus learning is indirect it requires an analytical model of the plant’s
dynamics. TTowevar, from onr point of vievr it is more important that in the
case of the indirect method the (state or speed) error signal 1s available dur-
ing the whole learning phase, 1 e, both the SDS Feedback Comtrol and the
learning might be taking place simultaneously. However, this sinultameous
nse might pravent or at laast delay the learning of the true inverse dynamics
since the control and thus the inverse dynamics model may seem more precise
than they are. Another problem is that overcompemsanon may render the
learmng process umstable: large errors in rrajectory tracking may be caused
by both the cvercompensaticn or the imprecise [eedlorward centrol signal.
Conscquently, this learning method should be cautiously used tegether with
dynamic statc fecedback. Further rescarch 1s meeded to clanfy this point. An
apprepriatc starting point might be to consider the “teced back-crror learning”
models Lewls, Abdallah, and Bav:sen 1993; Miyamoto, Kawato, Setoyama,
and Suzuki 1988 when one replaces Lhe adaplive [eedback controller by a
theoretically justified and thus stable [cedback controller thal can provide
the error signal for the training of the inverse dynamics controllar and can
stabilize the control loop

As can be seen from the above discussion direct invarse madealing pro-
vided a bester fit with SDS Contrel. Tn the naxt section we describe some
simulation results with onr nauracontroller. The aim here is to tlustrate the
theory by simulations  The plant's equation, the nenrocontroller and also
the partnrbations were kept as simple as possible in order to illustrate the
way of working of the cempensatien mechanism. Despite this ssmplicity the
model used is quite complex and goes beyond the limits of the theory. This is
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because we consider simplilied sensorimolor control, 1.e., scine aspect of sen-
sory coding s included  "The simulations support the scll-improving naturc
of SDS Feedback.

4 Computer simulations

We present two sets of computer experiments. The first axample illustrates
when anenral network approximates the inverse dynamics, i.e., this approach
involves the non-parametric appreximation of the inverse dynamics, while in
the second example it is assnmed thar the form of the inverse dynamics 1s
known but some parameters are severely mismatched.

4.1 Inverse dynamic appreximated by a neural net-
werk

In these experiments the so called PDA contreller is used tc model the inverse
dynamics of asimple plant and the very same architectnre is nsed to generate
the speed field to be tracked. For datails of this naural network see Szepasvari
and Lérincz 1995,

The spatial filters, the proximicy relations as well asthe control commands
stered by the internenrons, although could be lsarnt Szapesvari and Lérincz
1946, were prewired in an ideal fashion in order to exchide the additional
affects of imperfect learning and thus only structiral approcimation errors
are present i the stmulation.s.

The plant's eqnation and the perturbed equation are given by

q=nu (23)

o =Talq), (24)

where F'{-) is the rotation marrix imtroduced carlicr and the rotasion angle
has the same position dependence as before:

ol = {:/2(1 —diq,¢)); iwf2(1 —d{g.e)) >0

g clhierwise.

Function d gives the Euchdean distamce between q and ¢, where vector
c = (0,0) is the cemter of the state space [—L1, 1]*. Thus the rotation is
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the greatest al the center and reaches sero as we approach the edges of the
state space. [Note that the perturbation is not everywhere dillerentiable and
that Amin(1D*{c) + D{c)) = 0; that is, the symmaetrized perturbatien matrix
is non-uniformly positive definite. "L'his way the simulation gocs beyomd the
present theory.

The task was changed to stars from the lower left cornsr and to move te
the npper right corner, i.e., viq) is propertional to (1,1) — . (The scale on
the figures corraspond to the 20 x 20 discretization.) The optimal path wonld
go throngh the center (¢) of the state space, where the perturbation is the
strongest. Typical trajectories are shown in Fig. 3. The trajecteries plotted
by diamonds, phis signs, and squares correspond respectively to the trajac-
tories of the unperturbed plant, the perturbed plant witheut compensaticn,
and the perturbed plant that uses the compensation mechanism.

Note that the plant that: uses the compensation mechanism overcompen-
sates the perturbation This might be ebsarvad at the end ef the trajec-
tory. The evercompensatien is due to the strongly nonlinear nature of the
perturbation by the time the centreller compensates for the strongest per-
turbasiom i the middle of the space the perturbation decreases quickly and
overcompensation results. The overcompensation is the consequence of the
integration time we applied 1n the feedback controller This cvercompen-
sation can be made arbitrarily small by using faster compensation, 1.e., by
increasing the gain of A. The gain increase, however, may make the (eedback
more sensitive Lo noise — a lopic that will be discussed in Secticn 5.2

‘I'hc uncompensated plant net only deviates strongly from the desired
path but also reveals the underlying discretization by the small humps of the
motien. This structural approximation erreris also compensated by the SDS
Conuroller.

The prescoted numerical example shows the dilference between feedlor-
ward and feedback control strategias. If the problem is perfectly lsarnt then
the control preblem is solved without: arror. Faadforward comtrol is fast; how-
ever, it requires experience and learning. If, on the other hand, the problem
it not perfectly learnt then feedforward comtrel may become unstable and
feedback should be applied tc stabilize the centrol loop. Generally speak-
ing, feedback takes time since the error has to develop and alsc the error
detection and the development of the feedback control signal may take some
ume If the feedback signal is fast and strong then the system has a very
short sampling time and may become sensitive to noise, this problem sets
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limitations on the time required ¢ apply the [2edback coalrel strategy. An-
other lurportant conscquence ol using the compensatory wechanismn is that
1t corrects structural approximation crrers, toe.

4.2 Centrelling a chaetic plant

Chemical gystems can be relatively simple in that they have few variables,
but gtill troublesome to control due te strong nonlinearities which are diffienlo
to model accurately. A prime axample is the bioreactor. Tn its simpless
form, a bioreactor is simply a tank containing water and cells (e, yeast
or bacteria) which consume nutrients ("snbstrate”) and produce products
(buth desired and undesired) and more calls. The simplest version of the
bioreactor is a continnous flow stirred tank reactor (CFSTR) in which cell
grovith depends only on the nutrient being fed to the system. The target
values to be controlled are the cell mass yield and th= nutrient cencentration
A basic st of equatiens fer such a bioreactor is:

G = —olutr)+ ol —c-;')e% (25)
; ) o . e 1+4
3 = —rglu+v)+ S+l —('.2)!9.7—"
1 + ,'3 — My
(26)

where ¢; and ¢; are, respectively, dimensioncless mass and substrate conver-
sions Agrawal, Lee, Lim, and Ramkrishna 1982. ‘'he contrel paramcter. u.
1s the flow rate through the reacter, while the control parameter, v, is the
flow rate used (¢ raise the substrale concentration. The constants 3 and v
delermine the rate of cell growth and nutrient censum plion, while S defines
the dimensienless form ef substrate cencentration.

This problem has preved challanging for convantional controllars and was
suggested as a control benchmark preblem in Ungar 1692, The system is
difficuit to control for several reasons: the uncontrolled equations are highly
nonlinear and exhibit limit cycles. Optimal behaviour occurs in near an
unstable region. Note that for j3 = 0.02, v = 048 and § = 1 a Tlopf
bifnrcation cccurs av w = 0.829, » = 0).0004.

Our experiments with this plant consisted of two phases correspending
to two sets of target values for ¢ and ¢ First, the system was breught to
a steady state at (cf,c3) = (0.0737,0 8760) and then the target values were
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changed Lo (cj,¢%) = (0.1287,0.8688) which correspends o a stable fixed
peint of the reactor with flow rates (™, v*) = {0.8012,0.0004). Then the
target cell mas was increased again, now te {c}, c3) = (0.1737,0.7978) with
cquilibrium centrel values (u*, v*) = (1.0852,0.0004) Centrol was made at
intervals of 0.5 s, while simulating the bioreactor with Euler-methods and
with df = 0.01 8. Ona phase lasted 50 seconds. The said change in set-point
is snfficient to shift from a. stable regime inte the domain of attraction of a
limit cycle {(sae TMig. 4). Toven if the correct model is known, small errors in
parameters give rise to very inaccurate control when a fesdforward controller
is used: an ervor of 2% in «y leads to 5)% errorin the targes call mass Brengel
and Seider 1989

We tested SDS Control using the inverse dynamics corresponding to
TFquation (225) with 4 = 1.1y. Since the change of y results in an additive per-
turbation of the inverse dynamics, thus SDS Control can be applied withons
any restrictiens and the theery predicts that SBS Contrel will yield beunded
tracking error. The speed field was given by v(ey, ca) = Aie} — e1, ¢ — c2),
where X was determined so that with ideal control eit*)/e(0) = 1/e for
t* = 10/3 s, where eit) is the error of either ) or ro at time t. The arror of
tracking is shown in Figure 5. The firgt of the three subfigures correspond
to the case when the 1nverse dynamics medel was perfect, while the secend
and third subfigures correspend to the cases when the inverse dynamics was
imperfect with and withoul dynamic (eedback, respectively. Note thal there
is almost no dilference between the first and sccond subligures, meaning that
SDS Feedback could very cfficicntly cempensate fer the mismatched inverse
dynamics model. However, when there was ne feedback the error percentage
of ¢y was larger then ¢0%. This figure suggests that SBS Contrel is able to
perfeclly compensale the perturbation, although the perturbation is highly
nonlincar. This also follows [rom the theory since the aim of the centrel was
to bring the system to a steady state and thus Proposition 3.3 can be ap-
plied to the linearized plant's eqnation after the plant reaches a sufficiently
small neighborhood of the designated equilibrium state. Figure 6 shows the
control variables and the ideal control values in the thres cases. This figure
reinforces the impression that SDS Control is very efficient. Figure 7 shows
the feedback signal in the unpartirbad and the perturbed cases (correspend-
ing to the 1. his. and r.hs. subfigures, respectively)  Mortice that feedback
was nen-zere even 1n the unperturbed case because of the delay of centrol
It can be seen that after a shert period of time the feedback values settled
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quickly. In these experiments A, the [eedback gain, was 1.

5 Discussion of SDS Feedback

In thig section we digcuss some questions concerning STS Feedback Control
TMirst we compare conventional fesdback controllers with onr method, then.
the =ffect of nonstationary perturbations as well as sensitivity tc noise are
discussed. We then consider some opan questicns.

5.1 Cenventienal vs. SDS Feedback Centrel

The main difference between these two types of controls is that in designing
a cenventienal feedback centroller, a knowledge of the plant’s dynamics (er
1ts Inverse dynamics) 1s required. If the dynamics ef the plant is net knewn
then one must uwse an adaptive methed; in other words, onc should (cach
an apprepriate centroller, c.g. an inverse or forward system identification
sheuld takc placc first. If an analytical modcl of the dynamics of the plaat
1s learnt then ene has still the epportunmity to design a dynamic state feed-
back controller in the conventional way. However, as iU has been shewn, one
can simply usc the learnt inverse dynamics controller for dynamic state feed-
back as well. Mercever, the resulting compound controller can compensate
perturbatiens quickly under rclatively mild conditions. Since the present
FBC closely fits the controlled plant the feedback may well he more precise
than a linear feadback contreller wonld he. Moreover, simultaneons learning
of the inverse dynamics model and the SDS Faedback is possible when the
learning method 18 diract system identification {see saction 3.3). The fully
self-organizing approach presented in this paper seams most advantageons if
the plant’s dvnamics is completaly or partially unknown.

5.2 Nenstatienary perturbatiens and neise sensitivity

In the proofs we assumed that the perturbatien 1s statienary, i.e, if it 1s
switched en then it remains unchanged ferever. Hewever, this is not a realistic
assumption. As far as nonstatienary perturbations are cencerned the preef
of Theorem 3.2 should he madified. Tn fact, if the parturbad system is given

(V)
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q = Ait,qlu+hb(t,q)

then (-%7, worlld contain additional terms such as, e.g., %A(t,q). Note thar
these additional terms do not increase the order of non-quadratic terms in
the (f) in the derivative of the Tiapnmov fimetion. This means that if the
changes are slow, i.e., these terms are bonnded, then for large enongh A
one may keep the ultimate bonndedness of the error signal. However, it is
mentianed thatin real world applications these changes are nsnally fast (e g
when a robot arm pgrasps a heavy object.). Tn such a case the error signal
may beceme very large and the system may become unstable.

Any noise disturbing the centrol loop can be considered as a nonstationary
perturbation, but noise usually dees nov admit a time-derivative and what
is more the vamation of noise over ume is not even hounded. Therefore, our
machinery cannot be applied 1nless these unpleasent features of noise are
ruled out In whart follows we assume that the noise affecting the system has
bounded amplitude and bandwidth. Ancther important issue is where the
noise enters the systein. Oue usually assumes thal neise allecls the oulpul
of the centrcller. In such a case the noise can be viewed as on additive
perturbation of the plant amd can be compensated by the SDS Feedback
mechanism with high cnough A valucs. 1f the neisc, on the ether hand, affects
the inputs of the controller, e.g., the state of the plant, then it can be viewed
as Lhe perturbation of the iverse dynamics model. The houndedness of the
noise-amplitude implics the beundedness of the corresponding perturbalion,
seeing that, the inverse dynamics is by assnmption a differentiable function
with unifermly bounded derivatives. Tn this case, again, the noise can be
compensated by the present system. Note that this is not se for conventional
linear feadback controllers.

The most delicate caze is when the noise enters the system just hefora the
compensatory vector is integrated, i.e., the noise affects w. Such a noise can
easily make the system unstable, in spite of the fact that this type of noise
results also in an additive perturbation of the plant, gince the perturbation
now takes the ferm

T
A / ni{tidt,
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where n{l) deneles the neise. New, even the boundedness of the integral
cannot be cosurcd for the pencral case.  Moreover, the amplitude of the
perturbation will be preportiemal te . ‘I'his means that increasing A will
also increasc the perturbatien of the system. 'L'his problem, hewever, is the
problem ef every dynamic state feedback controller provided if neise can enter
precisely before the point where the compensatory contral signal is integrated
through time.

5.3 Open questiens

One shartcoming of onr approach is that the perturbations should he non-
mvertive in order to keep the error term bounded. Fxperiments indicate,
however, that humans are capable of compensating not uniformly positive
definite perturbations extraordinamly rapidly Young 1969 Ia our frame
work such “structural” changes sheuld be detected and the appropriate sign
changes should be incorporated in the centrol The detection of such changes
may be based on the observation that with such a perturbation the error
term keeps growing to infinity. TTowever, the detection of the nature of an
“inversion” seems te be far from trivial.

It 1s intnigwmng to think about fast actien preblems. Such actiens may not
allow vhe direct use of the [eedback contreller since the timre is just [ar 100
short L¢ develop the compensatery signal. However, the feedback controller
may be used during the lcarning precedure: it the task to be controlled 1s such
that it may be practiced starting from slow speed and the high speed action
could be built up step by step, then the feedback controller may be utilized
since the vask is now slow encugh and the feedback controller may play a role.
Tf the very same learning procedure allows for the increase of the gain factor
A during training then the fasdback contreller may be able to keep up with
the needs of the fasdforward control problem. Tn this way the controller can
produce very precise motion that can be stored in a “procedural® memory
for latar reuge.

Another reason to change A that if the plant is highly non-linear then in
some regions of the state space a lower gain is sufficient, while in other regions
a higher gain i3 needed to ensure a certain stability. A state dependent gain
would reduce sensitivity to noise. Another option is to use an adaptive (time
varying) gain, the gain sheuld be increased if the error of tracking is not
sufficient and otherwise it should be decreasecl.
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One can iry lo use sowne aspects of passivily Geedwin and Sin 1984;
Landau 1979; Lewis, Abdallah, and Dawson 1993; Slotine and Li 1991 of the
plant. In this casc onc may start from the Liapunov tunctien of the plant
vohich satisfics the passivity criterion and usc the cemponents of this function
to design a modified dynamic state feedback centrol as in Lewis, Liu, and
Yesildirek 1995. Tt seams possible that for such passive systems the nltimare
bonndedness of the arror can he extended to the whole error space. Tn this
case the spsed of nonstationary perturbations would not he limited by the
magnitude of the gamn factor.

6 Conclusions

Complex centrol problems in structured emviromments were considered 11 the
present werk the task being to control a plant with previously unknown dy-
namics while avoiding obstacles and experiencing perturbations in the plants
dymamics. The solution is based on the designation of an appropriate spaed
ficld, which when tracked cnsurcs ccllisien frec motion. ‘I'his approach is
morc robust then the carlicr models feor collision trec metien, namcly, trajec-
tory tracking. A well known spreading activatien neural model for fast speed
field planning on the disretization of the state space was utilized. This model
was augmented by interneurons and control ncurons, with interncurons belng
connccted te centrel ncurons. ‘I'he particular architecturc allows to control
plants having non-lincar inverse dynamics. The resulting control sigmal is
smooth. Tn the second part of the article it was shown that the so called
SDS Controllar is capable of compensating inhemogenecus, nen-linear, nen-
additive perturbations of non-linear plants that admit an inverse dynamics.
Such perturbations arise, for example, when a rochot arm grasps or releases
a heavy object. The SDS Controllar is composed of two identical copias of
an inverse dynamics controller. One copy acts as the original closed loop
controllar while the other idantical copy is used to develop the compensatory
signal  The advantage of this compeund concreller 8 that it can develop
a concrol signal for unseen persurbations and thus can contrel the plant
more precisely than the closed loop feedforward controller alone. Also SDS
Feedback Control is advantageous o error feedback contrel since the feedfor-
ward controller can provide almost precise control signals Under relatively
mild conditions it was shown that an arbitrary non-linear perturbation can
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be cempensaled by the present method provided that the perturbalien is
pep-nvertive. The compensatory signal can be built up very rapidly as 1t
fellows frem thc gencral theory for lincar plants Compensatory centrol fer
nen-lincar plants was demonstrated by computer simulations

The main advantage of the suggested architecture is that the very same
systam is used for faedback and feedforward control and the learning problem
1s therefore relaxed since only one system is available for training. Tearning
and SDS Centrol may take place simultanously if the training signal is always
the sum of the feedforward and feedback control signals. Another advantage
is that the SDS Feadback Control mode can reduce the the approximation
errars of the inverse dynamics. This relaxes the number of parametars that
are requirad to achieve a given precision in control.

-
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8 Figure captions

Figure 1. Compensatory control by doubling the inverse dynamics
controller The proposed compound controller is capable of compen-
gating homoganeons parturbations. The same inverse dynamics con-
trollar plays two roles: it is used te computats the control signal {ie.,
it 1s used as a Feedforward Controller, FFC), as well as the compen-
satory signal (Feedback Controller, FBC).

Figure 2. Tdealized 3-joint robotic manipulator The dynamics of this
3-joint rehotic manipulater is highly non-linear. A typical perturbation
is when the manipulator grasps (or releases) an object. This is modeled
by changing the mass (M;) at the and-affactor. Compensation of this
perturbaticn is hard, especially whean the mass of the object is large
cempared to the mass of the manipulator
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Figure 3. Typical trajectories in the presence of inhomogeneous

perturbations. In these experiments the plant's cquation changed in-
homogenceusly. The change {again a rotation cffect) was the strengest
1n the middle of the state space and was zero at she cdges of the state
space. The task was to travel from the lewer left corner te the up-
per right corner of the state space within the 20 > 20 pixel region
The figure shows three trajectories. The first (plotted by diamonds)
is a line, almost straight and it corresponds to the unperturbed plant
that used the compensation mechanism. The second (plotted by plus
signs) shows the trajectory of the perturbed plant without compen-
sation. The large deviation from the optimal trajectory is due to the
perturbation while the small oscillation like disturbances are due to the
discretization. The third trajectory (plotted by squares) corresponds
to the perturbed plant that used the compensation mechanism Due
to the inhomogeneous nature of the perturbanion and to the large mte-
gration time, the controller overcompensates: the plant moves from the
upper side of the optimal path to the lower side when the perturbatien
decreases rapidly from a large value to zero. This error can be made
arbitrarily small under sunitable conditions.

Figure -1. Behaviour of the hioreactor for different constant flow

rates. The figures show the evolutien of the bioreactor state vari-
ables as described by Equarion {25] with {u,») = (0.8012,0.0004) and
(r,) = (1.0652,0.0004) for the Lhs. and r.hs. subfigures, respec-
tively. Tn both ca.sesthe reactor was started from a 0.0001 neighbor-
heed eof an equlibrium state — 1n the first case the equilibrium state
is stable, while in the secend case it is unstable and the plant’s state
approaches a limit cvcle. The vertical axis corresponds to the time
variable. The left and the right axis represent the e and ¢ values,
respectively.

Figure 5. Bioreactor control: Error of control vs. time. The error

percentage of control is given as e; = 100(¢; — ¢7)/c?, ¢ = 1,2, where
(¢}.c3) is the desired set point of the bioreacter After 50 s a new
set-point is designated that corresponds to an nnstable equilibrinm of
the plant. When feedback is m effect the error quickly reduces to zero.
Wicheut feedback the error remains high evea if the mnverse dynamics
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is mederately imprecise. For details of the experimenl see the text

Figure 6. Bioreactor control: Control values vs. time. {u*u") are
the idcal ceuilibrium control values, while (u, v) arc the actual centrel
values. After 50 s a new set-peint is designated that cerresponds to
an unstable equilibriwr of the plant. Thus the ideal control values can
nol be assuwmed lrom the beginning. For details of the experlment sce
the text.

Figure 7. Bioreactor control: Feedback values vs. time The graphs
labelled by “[b-u" and "[b-v” represent the [eedback signal correspond-
lng Lo the control varlables w and w, respectively.  For detalls of the
cxperiment sce the text.
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reedback Controller

u=P(q.q)

|.—>O—) Feedforward Controller

u=~P(q,9)

q

G = [(q.u)

Figure 1. Compensatery contrel by doubling the inverse dynamics centreller
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Figure 2. Idealized 3-jeint robetic manipulator
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