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Decentralized Iterative Learning Controllers for
Nonlinear Large-scale Systems to Track Trajectories
with Different Magnitudes
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In hierarchical steady-state optimization programming for large-scale industrial processes, a feasible technique is to use

information of the real system so as to modify the model-based optimum. In this circumstance, a sequence of step function-type
control decisions with distinct magnitudes is computed, by which the real system is stimulated consecutively. In this paper, a set
of iterative learning controllers is embedded into the procedure of hierarchical steady-state optimization in decentralized mode for
a class of large-scale nonlinear industrial processes. The controller for each subsystem is used to generate a sequence of upgraded
control signals so as to take responsibilities of the sequential step control decisions with distinct scales. The aim of the learning
control design is to consecutively refine the transient performance of the system. By means of the Hausdorff-Young inequality of
convolution integral, the convergence of the updating rule is analyzed in the sense of Lebesgue-p norm. Invention of the nonlinearity
and the interaction on convergence are discussed. Validity and effectiveness of the proposed control scheme are manifested by some

simulations.
Key words

In recent years, iterative learning control (ILC) has been
one of the active research directions in intelligent control
development for trajectory tracking[lﬁ]. For nonlinear sys-
tems, much attention has been paid, in which the conver-
gence has been analyzed in the sense of Lambda norm®~%.
Bien's group has developed a technique to analyze the con-
vergence of proposed iterative learning control in the sense
of sup-norm[ﬁfﬂ. Furthermore, Xie et al.>® have de-
veloped techniques to designate iterative learning control
strategies based on geometric analysis or geometric vector
plots for fastening convergent speed in the sense of so-called
Lambda-Xi norm. The main theme in the above-mentioned
investigations is to design iterative learning control schemes
for tracking a unique desired trajectory. It is because of
the repeatability of the conventional tracking task that the
supposed realizability of the prescribed desired trajectory
and the satisfaction of Lipschitz condition for the system
have played important roles in the convergence analysis.
For non-repetitive trajectories tracking, Xu® has devel-
oped a direct learning scheme to track trajectories with
proportional magnitudes, in which the scheme is to gen-
erate control profiles based on the predetermined desired
control commands. This scheme requires that the prede-
termined desired control commands are unique desired tra-
jectory tracking-based available beforehand. Also, Saab!*%l
has studied the problem of tracking slow-varying trajecto-
ries, each of which differs from the previous one within a
small fluctuation level. In the study, some bounded track-
ing error is guaranteed in the sense of Lambda-norm under
the assumption that the non-repetitive desired trajectories
are to be realizable and some disturbances are in presence.
Furthermore, Xul'Y has developed a kind of learning rule
for general non-repetitive trajectories tracking tasks, which
is principally formulated based on some prior measurable
system state and prior system knowledge with specific pat-
tern. The mechanism may be regarded as, in some sense,
iteratively learning the inversion of the system, and thus
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the tracking effectiveness sensitively relies on the precision
of the system model.

Recently, for the purpose of improving the transient per-
formance of linear large-scale industrial processes, a type
of decentralized iterative learning control scheme has been
embedded into the procedure of steady-state hierarchical
optimization for tracking desired trajectories with distinct
magnitudes at different iterations™?. Due to the draw-
back as commented in [6—7] that the Lambda-norm, which
has been utilized to measure the tracking error in some
studies® 7], may not be a satisfactory measurement and
the same situation may emerge when Lambda-Xi norm is
adopted as investigated in [8], as well as remarked in [6—7],
that it is possible for the algorithm to diverge if the tracking
task is defined over the restrained time interval in the sense
of sup norm, and Ruan et al.'? has analyzed the conver-
gence in the sense of Lebesgue-p norm. In the study, the in-
tervention of the system’s inherent nature, such as the dis-
tinct scales of the desired trajectories and the interactions
among subsystems, on the convergence were discussed. As
addressed in [13], some nonlinearities may arise in actual
control applications. In this situation, we must deal with
a nonlinear model for the control system. In this paper,
a decentralized iterative learning control strategy is em-
bedded into nonlinear large-scale systems to track desired
trajectories with different magnitudes, and the Lebesgue-p
norm is adopted to analyze the convergence of the proposed
iterative learning control algorithm.

The remaining part of the paper is organized as follows.
Section 1 shows an iterative learning control formulation
and the specification of desired trajectories. In Section 2,
the convergence of the algorithm is derived in the sense
of the Lebesgue-p norm. Section 3 shows the simulation
results. Finally, Section 4 concludes the paper.

1 Iterative learning control strategy

We consider a class of stable large-scale systems, each of
which consists of a set of nonlinear time-invariant subsys-
tems with the form as

£® (t) = f(i)(x(i) (t)) + B(i)r<i)(t)+
N - .
Z D(”):L‘(J)(t) (1)
. J=Lii .
y(”(t) — C(”x(”(t), m(’)(O) =0
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where f@ (2 (t)) is assumed to be a nonlinear second-
order differentiable functional vector with a unique original
equilibrium, that is, f®)(0) = 0. The superscript (i) stands
for the distinction of subsystem i, () (t) € R"m () e
Rmm, and y(t) € R™" denote n(i)—dlmensmnal state,
m 9 -dimensional control input, and m(”-dimensional out-
put vectors, respectively. Specifically, Z —1, D(”) m(t)
represents the state interactions from the other subsystems.
AD B® @ and D) are matrices with appropriate di-
mensions. The iterative learning control (ILC) structure is
shown in Fig. 1.

Optimization layer ‘

SN
2y 4N
cl(f )i \ \\\ Cl({N)
0 Subsystem 1 | v ‘\ \\ -
é‘ U y(zmt +{ILC unit2
d, \
: 0),
_%S B | Subsystem 2 %‘
= () [
=
g ™
5 yd () rk(N)(t)
« Subsystem N % |
— vie (1) v

Fig.1 ILC structure for a large-scale system

The structure indicates that the iterative learning con-
troller for a large-scale system is designed in a decen-
tralized mode. In Fig.1, the optimization layer con-
sists of a coordinator and a set of local making-decision
units in a hierarchical structure as detailed in [12],

from which the control decisions change sequence c§i> =

[, e, ] e = [,

, cg) = [cgl)7 ch), e ilm( ))}, of subsystem i, for
i=1,2,---,N,and k= 1,2,--- | is supposed to be carried
out consecutively while the steady state hierarchical opti-
mization using the feedback steady-state information (SSI)
is undergoing. Here, the subscript k is used to represent the
feedback index, at which the model- based local control de-

(im)
) Co ]7

cision for subsystern i is improved as ¢, ) forj = 1,2,---, N,
after the model is modified by the real feedback 1nforma—
tion. D = [D)] stands for the interconnected block ma-
trix, which consists of block entries D) as formulated in
dynamic equations (1), for 4,5 = 1,2,--- ,N,i # j and
block entries D = 0 specified, for i = 1,2,--- , N.

It is noted that c,(j) is the set-point change vector of con-
trol decision of subsystem i at k-th implementation. This
implies that we need not operate the real system to get the
real steady-state information if c,(;) = 0. Therefore, it is rea-
sonable to assume that all of the set-point changes vectors,
(1>7é0forallz—12 , N
and £k =1,2,--- . In partlcular when partial components
of the control decision c< 9 at k-th implementation are in
absence, we consider the case as a singular occurrence and
it shall be specifically remarked later. Without loss of gen-

erality, we further assume that all of the components of the
(4)

or called control decisions,

control decmon c,
| < oo, fori=1,2,---

are in presence, mathematically speak-

1ng,0<\c,C LN, 1=1,2,--- ,m®,

and k£ = 1,2,--- . Under such an assumption, we denote
a set of diagonal matrices as follows for constructing the
updating law.

i . i i im ()
QY = diag[e™, (", o™

. . . . (i)
QY = diagles™, el - 5™

i . i i im/(%)
Q;):dlatg[c,(ﬁl),c,(f)fn,c,(c )],(k:1,2,~~)

We propose an iterative learning control updating law for
subsystem i to generate a sequential constrained input vec-

tors 'r(l)(t) (”(t),- . (i)(t),- -+, consecutively in response
to the control dec131on sequence c(z), cé >, ey cgc ), e
(k=1,2,---). The iterative learning control updating rule,

represented as an outcome of the ILC unit ¢ in Fig. 1, for

i=1,2,---, N, is formulated as follows.
r () = QP QY ) ) (1) + Tel” (1) + T Vel | (1))
tel0,7),k=1,2,--- (2)

where 77 (t) = ¢{”, Tt and T} are m?-dimension pro-
portional and derlvatlve dlagonal learning matrices, respec-
tively. Here, T refers to the settling time of the transient
response whereas system (1) is driven by a control input
vector with each component being a unit step function. In
algorithm (2), e,(:)l(t) = y&?il(t) - y;fll(t) denotes the
output error vector, which presents the discrepancy be-
_,(t) and
(t). e (t) = del”  (t)/dt stands

for the derivative of output error vector e() 1 (t) with re-

spect to variable t. The desired reference traJectory vector

ydk (t) with respect to the control decision vector c,(czl

will be specified later. Note that in the ILC algorithm (2)
(k=1,2,--+), an amplified matrix Q,(j)( ](;Zl)_l is intro-
duced so as to guarantee that the steady-state value of the

input r;ci)(t) is equal to the control decision c,(:), that is,

r](;)( v O(k:172a)

tween the desired reference trajectory vector yijk’

the output vector y(“

) =¢;’, whereas e( )(00) =
To specify the desired reference trajectories, we select the

trajectory vector ) (1) = [u5, (1), yle) (0, use™(8)
appropriately to meet the desired requirement that all of
whose components have satisfactory characteristics, such
as with no or less overshooting, quick transient respond-
ing, and short settling time. For example, we may choose

Yay (1) = 1= exp(=al1) or yy (1) = 1= b0 (1+ 1)
with y(”)( 0) = 0 and y(”)( )=1foralli=1,2,---,N
and | = 1,2,---, m®. Generally, we may not accurately
estimate the steady—state value of the system if we are not

aware of the precise knowledge of the system. In this cir-
cumstance, we adjust the scale of the desired trajectory

ygjzfl(t)v (k = 17 27 e
the given control decision but to the real steady-state out-
put vector formulated as

) referring not to the magnitude of

' i ) (2 @)1
iy = Jim g (0) = 525

conducted by the constrained control input 7';@ 1( ), (k =
) &

1,2,---). To express the desired trajectory y (¢
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(k — 1)-th implementation compactly, we set S,(i)l =

. m ()
diagls;"), 5., - 7s§§f‘1 )

trix, for all ¢ = 1,2, - -

], called steady-state value ma-

,Nand ! =1,2,--- ,m®.
0

Hence,

the desired trajectory vector Ya, (t) can be specified as

vy (1) =895 ) (3)

We reform the nonlinear function f(z’(t)) in system
(1) by utilizing Maclaurin series expansion as

190 0) = 1260 0) - 190 =
af(l)
o Sl —ow?(0) + b (1)) =
F(i)x(i)(t) —|—h(i>(9:(i)(t)) (4)
where F() = ng i |z()—o refers to the Jacobian matrix,

namely, the first-order derivative matrix, of the func-
tional vector with respect to the state vector z((t)
at the original equilibrium, whereas A (2(¥(t)), which
stands for the nonlinear term of the functional vector
F@O(x'(t)), is a functional vector with respect to the
state vector #V(t), in which the power of the com-
ponents of the state vector ¥ (t) is higher than one.
Besides the notations in (4) and (6), we additionally denote

FO pa2) paN)
Dty F? peN)
F =
PV p(N2) P
() = (R @D @) T, (B @) T]"
B = blockdiag[B", B® ... B
C = blockdiag[C™M, @ ... c™)]

2(t) = (@), @@ @),

Additionally, we denote

re() = [ O), 2 @) eV )"

en(t) = (e} ()", (e (1), (el (1) "]"

Yo, (1) =[S O @ )" @l @)
e = [ @), ()"

Sk—1 = blockdiag[S](Clj17 Sl(i)p . 751(611’)1]

Qr = blockdiag[Q; ), 562)7 e ,QECN)]
T, = blockdiag[[", T, ... T
Ty = blockdiag[[", T, ... TN (6)

The updating law (2) can be reformed compactly as

ri(t) = QuQi 1 fre—1(t) + Tper—1(t) + Taex1(t)]  (7)

The nonlinear large-scale system consisting of the nonlinear
subsystems (1) is thus expressed as

{ z(t) = h(z(t)) + Br(t) ()
y(t) = 2(0) =0

Provided that the control signal r(¢) in the above non-
linear system (8) is taken by control profile generated by
iterative learning control rule (7), the corresponding large-
scale system (8) becomes

{ .'L‘k(t) =
Y (t) =
Here, k represents the iteration suffix as mentioned ear-
. . SN @ SN @

lier. Besides, zx(t) € R&~i=1""" ry(t) € R=i=1 , and
y.(t) € RET1™Y refer to the state, control input, and
output vectors of large-scale system (8) at k-th implemen-
tation, respectively.

In the sequel, for a continuous function f(¢) :
the Lebesgue-p norm is defined as

Fx(t) +
Ca(t),

Fxi(t) + h(zn(t) + Bri(t) (9)
Czr(t), zx(0)=0

[0,7] — R,

1£C) o= / FOPAF 1< p<oo

As a consequence, for a continuous function vector g(t) =
9 (0), 9P (), 9" (O] [0, 7] — R™, its Lebesgue-p
norm is formulated as

gl = ([ (e

Additionally, for a continuous functional matrix U(t) =
[tijlmxn : [0,T] — R™*" its induced Lebesgue-p norm is
written as follows

o ||\p—[/ max ZW

The convergence issue of the algorithm in the sense of
Lebesgue-p is deduced in the next section.

g9 (6)))Pde] 7,1 < p < o0

”dt]p 1<p<oo

2 Convergence analysis

We now focus on the convergence issue.

Theorem 1. Assume that system (8) is stable and the
matrix Cexp(F(t))B is nonsingular. Then, the iterative
learning control algorithm (2) is bounded with respect to
(8) in the sense of Lebesgue-p norm if the system parame-
ters and learning gains satisfy the following condition:

= [[(F1Qx)~'(I — CBT4) F1 Qx|+
[|(F1Qx) ™' Cexp(F(-))(FBTq + BT,) FiQgl[1 < 1

Proof. We shall consider the output error modified as
Sli_l)ek (t) by the steady-state value matrix Sy only if the
matrix Sy is nonsingular. Due to the nonlinearity, it is
rather difficult to get the explicit solution to the differential
equations (8). However, from the viewpoint of mathemat-
ics, we can express its solution implicitly as

t) = C/O exp(F(t — 7))(Br(r) + h(z(r)))dr
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Similarly, the solution to the differential equation (9) can
be formulated as

Y, (t) = C/O exp(F(t — 7)) (Bri(r) + h(zk(7)))dr  (10)

By considering (10), we get

Sy er(t) = Sy 'y, (t) — Sy 'y, () =
Sitien—1(t) — [Sg ' Caw(t) — Spt Cmpa(t)] =

Siten—1(t) - [Sp'C /O t exp(F(t — 7)) Bry(r)dr—
s;jlc/ot exp(F(t — 7)) Bri—1(r)d7]—

e /O " exp(F(t — 7)) h(an(r))dr—

s;_llc/ot exp(F(t — 7)) (-1 (7))d7r] =
Sitien—1(t) — Syt /Ot exp(F(t — 7)) BQrQy 1 X

[’I‘kfl(T) + Ppek,l(r) + Fdékfl(’T)}d’T—

Sk:llc/o exp(F(t — 7)) Bri_1(r)dr]—
Cee /O exp(F(t — 7)) h(@x(7))dr—

t
Sk__llc/ exp(F(t — 7))h(zr—1(7))d7] =
0
S tien 1 (t)—
Sy Cexp(F(t — 7)) BQxQy 1 Taex 1 (1)[7Z6—

Erse. / exp(F(t — 7)) FBQrQy "y Taen—i (7)]dr—
0
5% [ exp(Plt = 1) FQuQE Ty (r)lar—

[ 15 cen(ei - ) Bai-
St Cexp(F(t — 7)) BQr-1)Qp t yr—1(1)d7—
[Sytc /O t exp(F(t — 7))h(@y(7))dr—
sihe /0 " exp(F(t — 7)) h(@er (7))dr]
Because e_1(0) = 0, the above expression becomes
Sy lex(t) = [I — S ' CBTaQuQy 1 Sk-1)Si 1er—1 () —
/O "ISTLC exp(F(t — 7)) (FBTa + BT)x
QrQi 21 Sk-15 " ex—1(r)]dr—
/Ot[Sk_lC’exp(F(t —7))BQsk — 81 1Cx
exp(F(t — 7)) BQu-1]Q5 2 rk—1(7)dT—

[S,;lc/t exp(F(t — 7))h(zy(r))dr — S; ', Ox

/O exp(F(t — 7))h(@n—1(r))dr] (11)

Calculating Lp-norm for both sides of (11) and using the
Hausdorff-Young inequality of convolution integral yields

Il Sk e () [llp<

| T—5,"'CBraQrQ;t Sk Il Sptren—1() [ll» +

[l Sg ' Cexp(F())(FBTa+ BTp)QkQy 1 Sk—1 [l x

() lllp +

[l Sy 'C exp(F () BQk — Sy, C exp(F()BQx—1 |[l1 x
I Qtirk—1() [llp +

ll S,ZIO/Ot exp(F(t — 7))h(zw(r))dr — STt,0x

-1
Il Sk-1€r—1

/0 exp(F(t — 7))h(@k-1(7))d7 [|1 (12)

According to the control theory, the steady-state value of
the steered system is uniquely determined by the intrinsic
mechanism of the system no matter how much internal in-
formation we acquire if the system is stable and the control
decision is given. Therefore, it is reasonable to suppose
that the relationship between the control decision and its
corresponding steady-state value is as follows

Sk—1=F1Qr1 (13)

We understand that matrix F; is diagonal because both
Sk—1 and Qr_1 are selected being diagonal. Hence, we can
derive that

| T =S, 'CBTaQiQy 1 Sk1 ||=
| I — Q' Fi'CBLaQrQ  FiQi 1 ||=
| (F1Qk) ™" (I — CBTa)F1Qx |
Simultaneously, we get
| S C exp(F())(FBTa + BTp) Q@21 Sk—1 1=
I| F1Qx~'Cexp(F(:))(FBTa + BTp)FiQx |1,
| S 'Cexp(F () BQk — S;21C exp(F(-)) BQr—1 |[lh=
I| Q' Fi ' Cexp(F()BQx — Qi1 Fi ' x
C exp(F(-))BQr-1 [l
Denote
Ui = ||| Q' Fy 'Cexp(F(-)) BQk — Q)2 Fi 'C'x
exp(F(-)) BQr-1 |1
Ex = S ex () s
Ry =] Q¢ () llly

Le = || s,;lc/Ot exp(F(t — 7)) h(@(r))dr — ST1,0x

/0 exp(F(t — 7)) h(@r—1 (7))d7] ||

p =(F1Qu) ™ (I = CBTa) FiQxl| + [[|(F1Qx) "' C'x
exp(F (1)) (FBLa + BI'p) F1Qklllx
The inequalition (12) is consequently reduced to
Er < pEr-1+ YRy + L (14)

It is reminded that we assume the system is stable, which
leads to exp(F(c0)) = 0. Sequentially, it is reasonable to
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assume that Uy < ¥, Ly < L, and Ry < R. Hence, the
inequalition (14) can be rewritten as

Ey < pBr_1 +Vp Ry + Ly < pEr—1 +VYR+ L (15)
Taking into account the assumption that p < 1 yields

lim < YRFTL (16)

d

Remark 1. From (16), we observe that the bound of

output error contains two parts, that is, YR and L. The

influence intensity of the term WR on the convergence is

primarily dominated by the distinct scales of the control

decisions and the coupling feature of the system. Due to

the permutable limitation of matrix multiplication and the

distinct scales of diagonal elements of the matrix Q, as
well as the matrix Qr—_1, the term

Uy = ||| Qi 'Fy 'Cexp(F(-)BQk — Qi1 Fy ' Cx
exp(F(-))BQk-1 ||h

which shows the bias of two similarity transformations
of the normalized transmission matrix F; 'C exp(F(-))B,
may not vanish if the direct transmission matrix
Cexp(F(-))B is nonsingular, unless either matrix
Cexp(F(-))B is diagonal or matrix @ is proportional
to the matrix Qr—1. It is worth pointing out that
Cexp(F(-))B being diagonal means that the large-scale
system, as well as each of MIMO subsystem, is decoupled.
In this case, the iterative learning control strategy is
equivalent to that for a set of SISO subsystems. This
phenomenon may not happen because of, at least, the
existence of the interactions. The term may disappear
if the large-scale system is decoupled or if matrix Qg
is proportional to matrix Qx—1. In addition, the term
concerning the upper bound L of L, may not vanish
since it reflects the limitation of the influence caused
by the system nonlinear components and formulated
as the discrepancy between two adjacent operations as
above-mentioned.

Despite the distinguishable conclusion from the existing
ILC for repetitive tracking task, the above formulation im-
plies that the milder the nonlinearity, the less the output
error. From the mathematics point of view, the conclusion
is convincing because the scales of both the constrained
control inputs and the specified desired trajectories are lin-
early amplified in agreement with the magnitudes of the
control decisions and its corresponding steady-state values
as the iteration index increases, whereas the system char-
acteristics is featured to be nonlinear. Certainly, this will
result in accumulation of system nonlinear components be-
tween two consecutive trials.

Remark 2. It is clear that, mathematically, the sup
norm is the case when we choose p = oo in the concept
of Lebesgue-p norm, while the Euclidean inner product in-
duced norm is the case of p = 2. Thus, the existing ILC
algorithm for tracking a unique desired trajectory is conver-
gent in the sense of Lebesgue-p norm. This coincides with
the result with respect to the sup norm shown in [6—7].
More significantly, the upper bound of the convergent in-
terval of the present result does not depend on the system
parameters and the learning gains.

Remark 3. Some components of the control decision
may vanish, and in this case, the computational overflowing

may emerge if the iterative learning control strategy (7)
is still used. To avoid such emergence, we shall borrow
the information of the previous implementation, which is
conducted by the latest nonzero components of the control
decision, in order to replace the term produced by the zero
components.

3 Simulation result

In order to compare the simulation result of the nonlinear
system with that of the linear system, we consider a large-
scale system consisting of two subsystems described as

subsystem :

#00 = 4070E0m) + B0
(@) p(id) J)(t)

¥ () =O“”m‘“(t>, gW(0)=0 (i,j=1,2i# )
where
2 (1) = 2" (1), "2 (), ()]
22 () = [V (1), 2" (), 2P ()]

FP @M @) = 2" (1), 25 (1), arctan (@ ()]
FA @ @) = 2% (1), 2% (1), 4 @ )]
r @) = [ @), P @0)]"
vy =" 0,4 0"

0 1 0
AW = o 0 1
—-0.04 —02 —0.86
0
A 0
0
0 02 0
BW= 1o o|, B®= |o
1 0 1
oM — 0.05 0.1 0.02
~ |0.04 0.05 0.03
c®= [0 1 08
DU = A4 pED = 4@

where ¢ and £® are intensities of the interactions

of subsystems each other, and arctan(z'®(t)) can be
considered as a kind of saturation nonlinearity, and

1 (23 it 229

= f 1
f<23)(x<23>) _ 3x ) ) if | = |>

228 _ §(x(23))3’ if | 2 <1
be viewed as a kind of nonlinearity.

(11)
Wy | Yay @) _ [1—exp(—0.3t)
a () = [31502)(75)} B {1 - exp(—O‘Zt)}

yfli) (t) =1 — exp(—0.8t)

(y _ |0.05 0 au _ 109 0
B = {O 0.05|" Fa = 0 038

r? =o06 TP =07
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1.2 1
1.1 0.9
1 0.8
09+ o7k
0.8F
. 0.6F
g 2
E 071 E
E = ot
0.6F
0.4r
0.5
0.3
0.4F
0ak 02t
01 . . . . .
02 L N . . ¢
0 2 4 6 8 10 12 0 2 4 6 8 10 12
Iteration number Iteration number
; 11
(a) Normalized output error of y(11) (¢) (a) Normalized output error of y(*%) (¢)
1 0.9
0.9} osh
0.8f 071
0.6r
0.7p
5 g osh
5 0.6 g
0.4r
0.5r
0.3F
0.4r
0.2r
03
0.1 . . . . .
020 0 2 4 6 8 10 12
Iteration number
Iteration number 12
(b) Normalized output error of y( )(t)
(b) Normalized output error of y1?) (¢)
0.4
0.35
0.35f
03 03t
0.25F 0.25F
g
5 02 S 0af
5
0.15F 0.15F
0.1
0.1
0.05F
0.05F
0 . . . : ¢ )
L 0 2 4 6 8 10 12
00 é ‘Il é 2I3 1‘0 12 Iteration number

Iteration number (c) Normalized output error of y‘? (t)

i (2) . .
(c) Normalized output error of ™’ (¢) Fig.3 The Lebesgue-2 norm of the normalized output error

Fig.2 The Lebesgue-2 norm of the normalized out error for for the corresponding linearized system
nonlinear system

The overall control decisions are proportional, that is, [c§2), cg2), N 70522)] =

0.5 x [1.5,1.4,1.3,1.2,1.0,0.9,0.8,0.7, 0.6, 0.5, 0.4, 0.3]

The corresponding iterative learning control updating law

1) (11 11
[c§ )7C§ )7 e 7c:(l2 )] = is as follows:
[1.5,1.4,1.3,1.2,1.0,0.9,0.8,0.7,0.6,0.5,0.4,0.3] (1)
k
(1) G ey ’
APl = =g 2|
0.8 x [1.5,1.4,1.3,1.2,1.0,0.9,0.8,0.7,0.6,0.5, 0.4, 0.3] 0 (12)

Cr—1
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@ Lo (e @ o[G0
(12) +1% (12) + 1y .(12)
_1(t) e, (t ép (¢

(2)
2 C 2 2) (2 2) .(2
0 = O + TP e, () + TP (0]
k—1

te[0,40],k=1,2,---,12.

11
it
€r_1 (t)

e () = 2 P (1) — y2 ().

The interaction intensities are chosen to be 1 = 0.02 and
€2 = 0.01. The Lebesgue-2 norm of the normalized output
error for nonlinear system is illustrated in Figs. 2(a)~(c).
The Lebesgue-2 norm of the normalized output error for the
corresponding linearized system is shown in Figs. 3(a)~(c).
Comparing the Lebesgue-2 norm of the normalized out-
put errors of the nonlinear system as shown in Fig.2 with
that of linearized system as exhibited in Fig. 3, we observe
that the influence of the nonlinearity is obviously visible.
This testifies the validity of the theoretical conclusion.

where

11 11 11
[cé_iyéo () =yt i(t)}

1 12 1_2
252 ) -y @)

4 Conclusion

In this paper, an iterative learning controller is imbedded
into the procedure of steady-state hierarchical optimiza-
tion utilizing feedback information. The distinct scales of
the control decision sequence are considered by introduc-
ing some appropriate amplified gain matrices not only to
the formation of the updating law but also to the specifi-
cation of the desired reference trajectories. The theoretical
analysis in the sense of Lebesgue-p norm indicates that the
influence factors on the convergence are mainly incurred by
the multidimensionality and the nonlinearity. The conclu-
sion is discriminated from the existing result for repetitive
tracking task. This phenomenon seems rational since the
generalization of the universe of discourse to the nonrepet-
itive tracking tasks would give rise to the degeneration of
the convergence properties. Despite the unavoidable inter-
ventions, the proposed iterative learning control scheme can
effectively and efficiently improve the dynamic performance
of the transient response.
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