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Best Causal Mathematical Models for a
Nonlinear System

Anatoli Torokhti, Phil Howlett, and Charles Pearce

Abstract—We provide new causal mathematical models of a non-
linear system S which are specifications of a nonlinear operator
P, of degree p = 1, 2, . . .. The operator P,, is determined from a
special orthogonalization procedure and minimization of the mean
squared difference between outputs of S and P,. As a result, these
models have smallest possible associated errors in the class of such
operators P,. The causality condition is implemented through the
use of specific matrices called lower trapezoidal. The associated
computational work is reduced by the use of the orthogonaliza-
tion procedure. We provide a strict justification of the proposed
approach including theorems on an explicit representaton of the
models’ parameters, and theorems on the associated error repre-
sentation. The possible extensions of the proposed approach and
its potential applications are outlined.

Index Terms—Causality, input—output map, nonlinear systems.

I. INTRODUCTION
A. Previous Studies

AUSALITY is an integral feature of physically realizable

systems. Approaches to understanding, explanation, and
formalization of physically realizable systems, and their various
constructive models can be found in a number of previous works
beginning with a classical paper by Russel [1]. In particular,
Jones [2], Suppes [3], Petrovi¢ [4] and Verhaegen [5] related
causality to both determinstic and stochastic dynamic systems.
De Santis [6], Porter [7], and Bertuzzi et al. [8] studied causal
polynomial approximation for input—output maps in Hilbert
spaces. In a series of papers by Sandberg (see, for example,
[9]-[12] and the bibliographies therein), new effective models
of causal systems have been proposed and justified. In [13],
[14], some new concepts of causality have been considered and
applied to the analysis of nonlinear systems.

We note that known causal models have been developed
mainly for the case of nonlinear system approximation with
any pre-assigned accuracy.

An alternative direction of research in causal system theory
has been proposed by Bode and Shannon in [15]. The approach
[15] concerns optimization of causal linear systems. Ruzhansky
and Fomin [16] extended the result [15] to the case of minimiza-
tion of a cost functional with the arbitrary nonnegative weight
matrix.
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B. Contribution

In this paper, we propose causal mathematical models of non-
linear systems with smallest associated error. In general, our ap-
proach is based on the development of ideas from [15]-[19].

The differences from the known techniques are as follows.
The presented models will follow from solutions to the best ap-
proximation problem (16), (17), given in Section IV, while the
models in [13], [14] follow from the solution of problems for
the input-output map approximation with any pre-assigned ac-
curacy. The statements of the problem (16) and (17) and those
in [17], [18] are different. As a result, the solutions are different.
Unlike the known methods [15], [16], [19], we propose the non-
linear causal approximator of an arbitrary degree p [see (3) and
(5)]. An increase of p implies the improvement at the accuracy
in comparison with the models [15], [16], [19] (see Theorem
2, Corollary 1 and Remark 2 in Section V). Thus, the proposed
model is equipped with a degree of freedom which is the de-
gree p of the approximator. In contrast to the approach in [20],
the presented method relates to so-called direct methods while
the model in [20] is iterative. Besides, the model in [20] is not
causal.

Thus, the novelty of the proposed approach consists of the
new model of the system (Section III) based on the extension of
the results in [13]-[19], and a new technique for the establishing
its associated properties (Section V).

In particular, the proposed model implies an orthogonaliza-
tion procedure presented in Section V-Al.

The general model P, of the system, given in Section III, is
determined by the sequences of operators. We present the con-
structive specification of P, based on the special forms of the
operators which compose P,,. Section IV contains the rigorous
statement of the problem. In Section V, we provide the determi-
nation of the parameters which define the optimal model Pz? .In
particular, we propose and justify the orthogonalization proce-
dure aimed at reducing the computational work associated with
the optimal choice of P,,. The representation of the error asso-
ciated with 73]? is also given in that section. The possible exten-
sions of the proposed approach and its potential applications are
disccused in Section VI.

II. (6,¢)-CAUSALITY

Let (Q2, %, 1) be a probability space, where 2 = {w} is the
set of outcomes, > a o-field of measurable subsets of 2 and
p = X — [0,1] an associated probability measure on ¥ with
n(2) = 1.

Let&,(,9: T xQ— RwhereT = {tx,k=1,...,ml|t;
... < tm} C Racollection of time instants. We write xj,

A
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&(try ), yi = C(t, ) and ug, = H(tx, ) so that x;, : @ — R,
Vi : Q2 —Randu; : Q — R.

Let x = (x1,...,%n)0,y = (¥y1,---,¥m)F and u =
(ug,...,u,)T, and let x,y,u € L?(Q,R™). Realizations of
random vectors x, y and u are denoted by z = x(w) € R™,
y=y(w) € R™ and u = u(w) € R™, respectively.

As in [19], we interpret x as a given “idealized” input signal
without any distortion, and y as an actual (observed) input
signal. Vector u is treated as an output of the system. In par-
ticular, y can be interpreted as x contaminated with noise. No
specific relationships between signal and noise are assumed to
be known.

Each operator S : R™ — R™ defines an associated operator
S : L?(Q,R™) — L%(Q2, R™) via the equation

[SE)] (w) = S [x(w)] (D

for each w € (2. The operator S is interpreted here as the
input—output map of the system.

Hereinafter, operators acting in spaces of random vectors are
denoted by the calligraphic character letters. The terms “oper-
ator,” “model,” “input—output map,” and “system” will be iden-
tified.

Let P : L2(,R™ x R™) — L%(Q,R™) be a model for S
with the associated operator P : R™ x R™ — R™ such that

fi(mi(y,w))

fm(Tm(y,U))
R* x R* and f;, : R* x R* — R. If

u = P(y,u) = , where 75, : R™ x R™ —

Jug)” 2

forall £ = 1,...,m then the operator P is called causal.
This definition can equivalently be written as follows.
Definition 1: Let 7;, be defiend by (2). The operator P is
called causal if for any ¢, 4, ¥ and @

Tk(y,u) = (yl"/ sy Yk, UL, -

In many real problems, information is often obtained with
some error, caused by the influence of external factors, data and
instrument inexactness, etc. In this sense, the definition above is
rather idealistic. A more realistic definition of causality for the
operator P is as follows.

Definition 2: Let 73, be defiend by (2). The operator P is
called (6, ¢)-causal if for any § > O there exists € > 0 such
that for arbitrary ¢, 4, ¢ and @

79, 1) = T (9, 1)

(9, @) = (@)1 <6 = |fu(@0) = fu(@ @) <e

where k = 1,...,m.

It is clear that the (0, 0)-causal operator is causal in the sense
of Definition 1.

The set of (8, )-causal systems is denoted by Cs .

III. MODEL OF SYSTEM

1) Preliminary Formulation of the Problem: We wish to find
a mathematical model of the system which possesses the fol-
lowing properties. First, the model should be defined construc-
tively, i.e., in an algorithmical form. Second, the model should
be causal. Third, the model should approximate the system with
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the best possible accuracy. Fourth, the model should have some
degrees of freedom to adjust to associated conditions such as a
computational cost and a desirable accuracy of representation.

To pose the problem in the rigorous form, we need some
preparatory work which we present in this section. The rigorous
statement of the problem is given in Section IV.

2) General Model: We begin with a general representation
of the system model.

An idea is to represent the model as a sum of composition
of the operators A,, By and C, with ¢ = 1,...,p. The oper-
ators A, B, and C, are introduced in (5) to satisfy the con-
ditions which are given in Section IV. In particular, the op-
erators Ay, ...,.A, are to minimize the related mean squared
error. The operators B, ..., B, are introduced to reduce the as-
sociated computational work by implementing the orthogonal-
ization procedure. The operators Cy,...,C, are to specify a
transformation of vectors to a form suitable for computation.
In particular, Cy,...,Cp, given by (7) , reduce the model to a
Volterra-like polynomial form (9), (10). An alternative choice
for Cq,...,C, is considered in Section VI. It will be shown in
Section III-A3 that the proposed model is reduced to the form
(12), where 7; and G; are derived from operators A, and 53,. The
operators 7; and G; will be determined in Section V. We note
that the model (12) requires associated derivations and cannot
be introduced straight away.

We denote by W some set of vectors and write Lgm =
L2(Q,R™). Let

V: [,Rm — [,Rm Cq : LR'rn X ERm — LW
Bq : ['\V\V — [,Rm and .Aq : [,Rm — [,[Rgm
forq=1,...,pwithp € N. Let

u= Pp(ya u) (3)
where [P, (y, w)](w) = P,(y, u) with

p
Pply,w) =a+ Y AB,Cy(y,8) “
=1
qp
Pyly,u) =a+ Y AgByCy(y, 9) ®)
q=1

and where g = V(u) and operators V, A, B,, and C, are deter-
mined by the equations which are similar to (1), with u = u(w),
g=8w),V:R" - R™,Cy:R" xR™ - W,B, : W —
R™ and 4, : R™ — R™.

We consider P, as the model of the system S.

The model associated with the operatorP, is represented in
Fig. 1. We note that the representation (5) is motivated by the
known structure of the p-degree approximator studied, for ex-
ample, in [7], [8], [13], [14]. Indeed, if we choose W = (R™)?,
denote v¢ = C,(y,g) with v¢ € L*(2,(R™)?), put B, a
g-linear operator and A, the identity, then

p
Pply,w) = a+ Y By(v?). ©)
q=1
Such a model has been exploited in a number of works, in partic-

ular, in [7], [8], [13], [14]. At the same time, despite the natural
interpretation of P, in the form (6), the model (5) is not suitable
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Fig. 1. Representation of the operator P,,.

for computation. Next, we show that, on the basis of Lemma 1,
the model (5) is reduced to the computationally adjusted form
(12).

3) Specification of P,: The next step in our preparatory
work is a specialization of operators A,, B,, and C,, and the
related constructive representation of the operator Pp,.

We note that different specifications of Ay, B, and C, define
different forms of P, in (5). Here, we consider the case when
V' = I with I the identity operator,! W = (R™ x R™)4, B,
(R™ x R™)? — R™ is a 2¢-linear operator and C,, is given by

Cy(y,u) = (y,u)? (7)
where

(y,u)? =

For such V' and C, the model (5) is reduced to

e (R™ x R™)1.

P
Po(y,u) =a+ Z A By (y,u)l. (8)

q=1

In Lemma 1, we show that the choice of C, in the form (7)
implies a Volterra-like polynomial representaion for P,. In
the Section VI-A5, we consider a different form for C, which
implies a Fourier-like polynomial representaion for P,,. Some
other possible forms for .4, and B, are also considered in
Section VI-AS.

We denote vy = yj ...
Yjy -+ yjqilukl ce qu’y.

Lemma 1: Let A, € R™*™ and let B, be a g-linear oper-
ator. There exist matrlces Dj Dy ... krskg_s € R™*™ and
Fro.  Fj oGy kryeky € Rme such that

( —0,+A12D]1y]1u+214 Z

ji=1

Yjy Uky -+ - Uk,_w and z, =

IThe case when V' is the zero operator will follow directly from our next
derivations.
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Proof: The proof is given in Appendix. O

The representations (9) and (10) are equivalent. Without loss
of generality, we shall now consider P,(y, «) given by (9) only.

We denote W, . ]q kivokgor = AgDjy o jo ke, ke, and
j15000dq k1, kg1 — {wkl} with k7l = <M and q =
2,...,p.

To define a structure of the (6, €)-causal model P,, we need
the following definition.

Definition 3: The matrix Wj, i ... k,_, iscalled i-lower
trapezoidal if wyy = 0forl =1,.... mandk =1,...,4 — 1
where ¢ = max{j1,..., 541, kl,...,kq_l}, and also wy; = 0
fork=1414+1,...,mand k < [.

In particular, the i-lower trapezoidal matrix W;, = A,D;, =
{wg} € R™*™ is defined as above, and in this case ¢ = j;.

For example, a 3 x 3 matrix {wy;} is 2-lower trapezoidal if
wy = 0forl =1, 2,3, and weg = 0, i.e., if it has the form

0 0 O
e o (
[ ] [ ] [ ]

“o 9

where means the entry which is not necessarily zero.

The following statement establishes the structure of the
(6, €)-causal model P,.

Proposition 1: If matrices W;, and Wj,
i-lower trapezoidal then P, is (6, s) causal.

Proof: The proof follows directly from the above defini-

tions. O

Next stage in this section is to reduce the model P, to a more
compact form. We do this as follows.

If we consider W, and W;, ;. k... k,_, foreach combina-
tion of jq, ..., Jq andkl7 kg 1,thenforeachq_ 1,...,p
we obtain m2?~! matrices. For ¢ = 1,...p, there are

P P
Nyu =m4+ § m21—1 _ E m21—1
=2 i=1

matrices  altogether and if we denote them by
T1G1, Ce ‘TNyu GNy'u.’ where T; € R™*™, G,; € R™*™ with
the corresponding operands denoted by wi,...,wy,, € R™
then we can write

Nyu
Pp(y,u) =a+ Z 7;Gi(w;) and P (y,

i=1

Sdarkisenkqo1 are

(11)

yu

Nyu
’U) =a+ Z T,Gw;
i=1
(12)
where G;,7; : Lgm — L~ and [G;(w;)](w) = Gw; with
w; = Wz(w)
Now we are in a position to pose the problem rigorously.

IV. RIGOROUS STATEMENT OF PROBLEM

Without loss of generality, we assume that all random vectors
have zero mean.

Let
h; :gi(wi)
b= (.. by, )
h =h(w)
W= (o,

w =w(w). (13)



1016

We write
J=J (0T, T,,) = E[ISx) - Pyly, 0]
Nyu 2
=F S(X)—a—ZTi(hJ (14)
=1
where F is the expectation operator, || - || is the Euclidean norm

and each T; is i-lower trapezoidal. The latter condition is essen-
tial for the next derivations.

It is assumed that a structure of the input-output map S of
the system is unknown, and that an information on the system
is given by certain covariance matrices formed from S(x), y
and u. Such an assumption is traditionally used in the problems
dealing with transformation of stochastic signals [15], [16],
[18]-[25]. The methods for the estimation of covariance ma-
trices can be found, for example, in [26]-[33]. This estimation
technique is an area of special study and is not a subject of this

paper.
We write O,,,x.,, for the m X m zero matrix and denote
E,n. = E[h hT]
The problem is to find a°, Gy, ..., Gn,,, T, ..., T} such
that '
Enh; =0mxm,
for 1#£7j, t,5=1,..., Ny, (15)
0 70 0 _ :
J (a A TN) P o J (a, T, ) (16)
subject to
Py € Cs. (17)
where
Ny
Po(y,u) = a’ + Z T (h; (18)

The condition (15) will allow us to simplify and reduce the com-
putational work needed to determine 7;°,...,7° . (see Sec-
tions IV and V).

The operator P, is called the (&, €)-causal optimal model of
the system S.

V. DETERMINATION OF (&, ¢ )-CAUSAL OPTIMAL MODEL P

1) Generic Scheme: Let EhA n, be the Moore-Penrose
pseudo-inverse of Ep,, .

Lemma 2: The operators Gy, ..., Gy, ,, which satisfy (15),
are given by
i—1
Gi=1 and Gi(w;)= ZHLkgk W) (19)
k=1

where 7 = 2,..., Ny, and H;i : Lgm — L is defined by

[Hir(hy)] (w) = Hirhg (20)
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and

Hit = Buni Bl + Kt (1= Bnn Bl ) @D

with Hj, € R™*™, hy, = hy(w) and K, € Rme arbitrary.
Proof: Leth; = wj and h; = w; — Zk 1 Hir(hy) for
1= 2,..., Ny,. The required condition (15) implies

(‘Vi_Zz:Hik(hk)) hi|=0

k=1

K mxXm and HikEhk hy :Ewihk. .

The solution to the latter equation is given by (21). Thus, the
desirable Gy, ..., Gy, , are given by (19). O

A possible and natural choice for K is K;i = Ounuxom.-

Example 1: Let p = 1. By (34) and (12), Pl(y, u) = a+
Zl LA1Djyju = a+ Yt T;Gyw; with w; = y;u and
,...,m, and therefore h; (with i = 2,...,m) is deter-
mined by Ew w, and Ey, ., for k = 1,...,7 — 1. The ma-
trices Ey,w, and E,, ., are assumed to be estimated by the
techniques given, in particular, in [26]—[33]. Of course, for such
estimates, it is not necessary to suppose that w itself is known.
To estimate E,,,,, and E,, ., by [26]-[33], one can set, for
example, u = s = S(z) or u = y. Then E,,..,, = E[yissTyx]
or Ey,w, = Ely:yy*yk], where s = S(x). As aresult, the as-
sumption made in Section III can be reduced to the assumption
on the knowledge of covariance matrices formed from S(x) and
y.

We note that v = s (or v = y) can be used to specify the
associated covariance matrices only. In general, v is determined
by u = P,(y, ) and can be obtained numerically (see [34, pp.
66-67], and Example 2).

Theorem 1: Let Gy,...,Gy,, be defined by Lemma 2. Let
E}, 1, be positive definite and let

Epn, = L; LT

the Cholesky factorization for E},, 5, with L; lower triangular.
Lets = S(x) and
Ean, LT = My + Ma; + Ms;, (22)
where My; is strictly upper triangular (i.e., with the zero en-
tries on the main diagonal), M; is i-lower trapezoidal and M3,
supplements Ms; to form a lower triangular matrix. Then the
(6, )-causal optimal model P} is given by
a® = O, and TP = My, L1 (23)
with ¢ = 7-~--]\/vyu -
Proof: Let us denote T = [T7...Tx, ] and b =

[hT...h% ]T. By the assumption, Ej,j, is positive definite
yu
therefore E ,Lh =E, %1 Moreover, Gy, . ..,Gy,, defined by

Lemma 2 are such that matrix F};, is block dlagonal i.e.,

Enn, (@) o ... O @)
By = 0 Ey,p, O ... O (@)
@) ... ... O EhNyu

hiy
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Then

J=tr{Eys+aal} +tr{( BB} )Ehh ><( T_g} E;)}

—tr{ESh hh Ehs}
=tr {ESS + aa® — EsnEyy, Ehs}

Nyu
+ Yt {(T
=1

x (LfTF -

L; — Mq; — My; — Ms;)

My — M3; — M)}

Here

Nyu
-1 § : -1
EshEhh Ehs = E'shz EhihiEh,s
i=1
Nyu

= Z Eehl

Nyu
= Z(Mu + Ms; + Ms;)
im1
x (My; + My; + M3;)"
N,

yu

= Z (MlgtMiTg,t + M13LMg:
i=1

shi Li_T)T

+Ma; M{3; + Ma; M3,)

where M 134
Next

= My + Ms,.

tr(T;L; — My; — Mo — M3;) (LT T — M{; — M3; — MJ,)
= tr[(TiLi — Ma;) — Mug] [(LT T — M3; — My, ]
= |T;Li — Mail|* — tr (T;LiM{s; + Mys; LT T))
+ tr (Mo My, + Mys; M3; + Mys; M)

and
tr { (TszMlzzyﬂ + MlgiL?TiT } =0.

The latter is true because 7; is i-lower trapezoidal. Therefore

Nyu Nyu
J=tr{E,,+aa"} - Z tr {MQZMZT;} +Z | T; L; — Mo
=1 =1

Thus, a = a° and T; = T? minimize J. Each matrix 77 is
i-lower trapezoidal therefore 'PS € Cse. O
Example 2: Let p = 1. Then

Pl(y’u) =a+t ZAlelyhu =a+ ZTvGﬂM

i=1 i=1

with w; = wy;u, © = 1,...,m and therefore by Theorem 1,
Py, u) = X7 TP Giwg, ie, w = Y0 ) TPGiyiu. The
solution to the latter equation in terms of TOGLyZ follows, for
example, from the fixed point theorem [34, pp. 66—67]. In other
words, the feedback model can be reduced to the nonfeedback
one. [l
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Remark I: The solution (23) to the problem (16) implies that
the matrices Ej, and Ej, 5, are known. The methods of their
estimation is based on the approach described in Example 1. [J

Theorem 2: The error Ap,., associated with the
(6, €)-causal model P! is given by

2 DNou
By = B [||S(x) IR
=1 (24)
Proof: Wehave A, = J(a®, T, ... ,’TJSW) and then (24)
follows from the above proof when Gy, ..., G, , are determined
by (19)—(21), and a® and T? are substituted instead of a and T}
in the expression for .J given by (14). O
2) Particular Case: V = O, xm in (3)—(5). Let us consider
the model P, without a feedback, i.e., when V' = Oy, 5y, in
(3)—(5). Then similarly to Lemma 1, it is proved that there exist
matrices Fj, . ;,_, such that

=Py w|’] = || B4

—1

P() a+AlBly+ZA Z Z Jisesdq— 1f]1, Jg—1

Jj1i=1  jg1=1
(25)

where we write P,(y) instead of P,(y,u) and where

Fitrien = Ui - Yig Y-
By analogy with (12), the latter is reduced to the representa-
tion

N?/ Ny

Pp(y) =a+ Z'E@(Wz) = P(y)=a+ ZTiGiwi.
=1 i=

(26)

Remark 2: Here, we use the same notation G;, 7;, G;, T;,

w; and w; as in (12) but for different operators, matrices and
vectors, which are now constructed from A,, By, Fj, .., j,_, and
fivsoja_r» TESPECtively. We also define matrix Mo; similar to
that in (22) but with h; determined from (13) and Lemma 2 for
the case when V' = O,,, .. Another difference from (12) is the
number [V, of terms in (26) which is essentially smaller than
Ny, in (11) and (12), namely

27)

These conditions lead to the accuracy associated with the
model, Pz? as follows.

Corollary 1: The error A,, , associated with the (6, £)-causal
model P with V' = Oy, is given by

Apy = B[00 - Pow)|T] = || B4

N.ll
=3 lIMail .
=1
(28)
Proof: The proof follows directly from the above. O
A comparison of (24) and (28), and (11) and (27) shows that
the accuracy associated with the optimal feedback model (12)
is better than that of the optimal nonfeedback model (26).
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Remark 3: The known models [15], [16] follow from (26)
ifp=1(rN, = 1) and G; = I,ieif P,(y) = Ayy. The
quadratic model [19], satisfying the causality condition (17),
and its associated error follow from the above in a similar way.
As we have mentioned in Section I-B, unlike the models [15],
[16] and the described extension of the model [19], the proposed
(6, €)-causal models (18) and (25) are equipped with the degree
of freedom p. In particular, for p = 2,3, ..., the errors given
by (24) and (28) are less than the errors associated with the
mentioned approximators [15], [16], [19]. In other words, it may
occur that the accuracy of approaches [15], [16], [19] are not
satisfactory but the accuracy of the proposed method can be
improved due to increasing degree p. Another advantage of the
models (18) and (25) is the orthogonalization procedure. An
associated benefit is discussed in the next Section VI-Al.

VI. DISCUSSION

A performance of a particular model of the system is charac-
terized by related computational work and associated accuracy.
In this Section, we discuss these two characteristics in relation
to the proposed method.

1) Computational Work: The technique presented in Sec-
tion IV provides the optimality and (9, e)-causality of the
model 7319. The specification of the operators Gy, ...,Gn, ., +1
by Lemma 2 allows us to reduce matrix Fjj; to the block
diagonal form. The latter leads to the representation of
T, ..., T]Q,yu 41 in the form of simple independent expressions
given by (23). Computation of the matrix TJQ "1 in (23) consists
of the vector orthogonalization by Lemma 2 which requires
O(N,,m?) flops (since E,Tuhq_ = E, ), and the Cholesky de-
composition which requires O(m?) flops. In total, 733 requires
O(Nyum?) = O(m?%2) flops only. If V = Oy, in (3)~(5)
then the nonfeedback P9 requires O(m?*?) flops.

2) Associated Accuracy: Theorem 2 establishes that the
accuracy of the model PS increases with the increase in
the number of terms N,, in P!, and consequently, with the
increase of the degree p of 735 . Thus, one can regulate the
accuracy by varying p. Next, the degree p of the model ’Pg can
be varied depending on k, i.e., p = p(k) where k follows from
ur = fr(7r(y,w)). An increase of p(k) for a few initial values
of k will improve the accuracy of the estimate.

3) Possible Extensions and Applications: The technique
presented above can be extended for different types of operators
Ay, By and C, in (5). In particular, let W = R™ x R™ and let
unlike (7), the operators Cy, . .., C, be chosen so that

Cl (y7 ll) = (y/ u)? s 7CP(Y» ll) = cos [(p - 1)(y7 ll)] ) (29)

where
[cos (k(y, u))] (w) = cos (k[y(w),u(w)])  (30)
and
cos (k [y(w), u(w)]) = [cos(ky1), ..., cos(kym),
cos(kus), ..., cos(kum)]” (3D

withk = 1,...,p— 1.
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Second, in (5), we set By, : L?(2,R™ x R™) — L*(Q,R™)
linear for each k = 1, ..., p, not k-linear as in Lemma 1.

A motivation for such a choice of operators Cy,...,C, and
By, ..., B, follows from the observation that the model ’P]? with
Ci,...,C, defined by (7), requires computation of IV, matrices
Gy,...Gy,, by Lemma 2 and Ny, matrices T7,...T% by
(23). The number Ny, is given by (11). The model Ppy with
Ci,...,Cp and By, ..., B, as above requires computation of
only p matrices By,..., B, and p matrices A;,..., A, with
p K Ny,. The latter diminishes a related computational cost.

We note that the model P, with Cy,..., C, defined by

’ ’

(29)-(31), operators By, ..., B, determined similarly to those
in Lemma 2, and operators Ay, ..., A, obtained from a solu-
tion to the minimization problem similar to (16), can be referred
to as an operator generalization of the truncated Fourier series
(i.e., the Fourier polynomial) in a separable Hilbert space
[35]-[37]. Unlike the original Fourier polynomial [35]-[37],
A, and B, are operators, not scalars.

Our preliminary investigations show that such a device leads
first, to a reduction of associated computational work, and
second, to a slight increase of the associated error, in compar-
ison with Pg determined by (7), Lemmas 1, 2 and Theorem 1.
In further work, we plan to investigate a compromise between
accuracy and computational load in more detail.

An attractive specialization of the model (12) is based on
a determination of operators 71,...,7y,, from a solution of
the interpolation problem similar to that in [38] instead of their
determination from the solution of the minimization problem
(14)-(16).

Another possibility for a modification of the proposed tech-
nique is based on a choice of 1, ... ,C, in the form of so-called
partitioning operators [39]. In such a case, y and u are parti-
tioned into ‘shorter’ subvectors. This leads to the reduction of
associated computational cost.

An important extension follows from considering the
problem (16) for S = I subject to the restriction on the rank of
operators 71, ..., 7y, in (14)—(16). The solution has a direct
application to data compression and filtering [22], [24].

Other potential applications of the proposed technique in-
clude areas in target detection [23], a blind channel equalization
problem [24], [40], combating speckle in SAR images [41] and
pattern recognition [42].

4) Degrees of Freedom: 1t follows from the above that the
performance of the model (5) can be varied by choosing A,
B, and C,. Hence, the proposed model is flexible and has the
degrees of freedom implied by Ay, By, C, and p.

5) Particular Case: Filtering of Stochastic Signals: If S =
I then (5)—(9), (12) and (23) represent the filter with x and y
the reference signal and observed data, respectively.

VII. CONCLUSION

The approach proposed and justified in this paper provides
models of a nonlinear system which are causal and optimal in
the sense of minimizing the associated mean squared errors.
The models are generated by the module given by (5) and are
defined by the sequences of operators {A,}, {B,} and {C,}
with ¢ = 1,2,...,p. For the particular choice of operators
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{A,}. {B,} and {C,} given in Section III-A3, the model is rep-
resented by the operator P, given in (12). The computational
implementation of P, implies the orthogonalization procedure
(19)—(21) and the solution of the minimization problem (23).
The causality condition has been incorporated into the models
through so-called i-lower trapezoidal matrices. Explicit equa-
tions for the errors associated with the models have been es-
tablished. It has been shown that the models have a degree of
freedom which is the degree p of the operator P,.

Possibilities for alternative determinations of operators {.A, },
{B,} and {C,} have been discussed (Section VI).

APPENDIX

Proof: Let{ey,...,e,} be the standard basis in R™. Then

m
E y]16117"'7§ Yi.Cihqs

Jj1=1 Jq=1
m
g k1Ckys - g Uk, €k,
kq=1

since B, is the 2g-linear operator.
Let us denote

Bq (ejl N PR L= TR ekq) = bjl,...,jq,k'h---,kq e R™.
Then, we can define the matrices D;; € R™*™ and
Diji . iokr ik, € R™X™ by the formulas

m
Dj g = Z bj, k gk, and
k=1
m
Dij . iokrikgr 9 = Z i od ket kg Oky
ky=1
respectively, where g = (g1, ... gm)" € R®. Therefore
m m
Bl(ytu) = Z Z Bq €j1s ekl)yjlukl
ji=lk =1
m
= Z Z b]laklukl
J1—1 k1=1
= Z D]lyh (32)

Jj1=1

1019
andforq = 2,...p
q
By(y,u)
m m m m
=l e=lhiml kyi=1
S
X Uk oo Uk, Djreeosdgober oeseq Uy
ko=1
m m m m
= E E E E Dy ... jakrkqey Yin + -+ Yig
ji=1  Ga=lki=1  k,_1=1
X Uk« Uky_y U, (33)

and then (9) follows.

The representation of P,(y, u) in form (10) follows from the
above scheme in a similar way due to the symmetry of y and u
in (34). O

Example 3: For p = 1, the formula (9) takes the form

= A(O) + A1 Z Djlyjlu

Jj1=1

Pi(y,u) = A9 + A B (y, u)

(34)

where By = {b;, ]1,]2}1’;1% 1 is the m x m x m tensor and
] =
D, = {bl 1]2}L1j—

€ R™ ™, .. Dy = {bim,j. }i 221 €
R™X™ or Dl = {b 7]1;1}1,;1_7“ € Rm)(m.,”.’Dm =
{bigim}ipi 2y € R O

2,01
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