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Abstract

In this paper, some definite applications of the theory of reproduc-
ing kernels to the Tikhonov regularization representing the extremal
functions in the regularization are introduced with typical examples.

1 Introduction

Let E be an arbitrary set, and let Hx be the reproducing kernel Hilbert
space (RKHS) admitting a reproducing kernel K(p,q) on E. For any Hilbert
space H we consider a bounded linear operator L from Hg into . We shall
consider the best approximate problem

inf |ILS ~ bl 1

for a vector b in H. Then, we have
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Proposition 1.1 ([1,17]) For a vector b in H, there ezists a function f in
Hy such that

flergx ILf — bl = ||Lf — bllu (2)

if and only if, for the RKHS H) admitting the reproducing kernel defined by
k(p,q) = (L"LK (-, Q)’L*LK(’7P))HK’ (3)

L*b € H;. (4)

Furthermore, if the best approzimation f satisfying (2) exists, then there
ezists a unique extremal function fp, with the minimum norm in Hg, and
the function f}, is ezpressible in the form

fb(p) = (L*ba L*LK(.’p))Hk on E. (5)

In Proposition 1.1, note that

(L*b)(p) = (L*b, K(:,p))ax = (b, LK(:,p))n; (6)

that is, L*b is expressible in terms of the known b, L,K(p,q) and H. f}
in (5) is the Moore-Penrose generalized inverse solution L!b of the equation
Lf = b. Therefore, Proposition 1.1 gives a necessary and sufficient condition
for the existence of the Moore-Penrose generalized inverse. Proposition 1.1
is rigid and is not practical in practical applications, because, practical data
contain noise or errors and the criteria (4) is not suitable. So, we shall
consider the Tikhonov regularization and we shall establish a good relation
between the Tikhonov regularization and the theory of reproducing kernels.
For the Tikhonov regularization, see, for example, (3,4].

2 Spectral theory

In order to discuss operator equations for general bounded linear operators
L, following [3] we shall fix the well-established theory among spectral theory,
the Moore-Penrose generalized inverse and the Tikhonov regularization. See
[4] for the corresponding results for compact operators L.



Let {E)} be a spectral family for the self-adjoint operator L*L. If L*L is
continuously invertible, then

(L*L) / S4B,

In this case, the Moore-Penrose generalized inverse (5) can be represented
by the Gaussian normal equation

fp®) = [ $AEALD. @)

If R(L) is non-closed and b € D(L'), i.e. if the equation Lf = b is
ill-posed, then the integral in (7) does not exist. Then, we shall define, for
any fixed positive a > 0

fpalp) = / A_}_adEAL*b. (8)

By construction, the operator on the right-hand side of (8) acting on b
is continuous, so that, for noisy data b’ with ||b — b’||l3 < §, we can bound
the error between fp,  and

fhal) = [ oo dBALD ©)

as follows:

Proposition 2.1 (/§], pages 71-73) For any b € D(L'),
1

I TTvall P8 b= (10
Furthermore,
ILfp,— Lf} <6 (11)
and

£ = Fhallax < )



Proposition 2.2 ([5], pages 117-118) For any b € D(L') with |b—b’|| <
0, the function f"ba defined by (9) is the unique minimizer of the Tikhonov
functional

inf {allf 1B, + 16 — LI} (13)

Ifa= a(é) i3 such that
lima(é) =0
60

and
52
¢151—I>I(1) a(5)
then
lim 5, = fp = L'(B). (14

Since practical data contain noise and errors, these results are very important.

3 Representation of the extremal functions
in Tikhonov regularization

Our main purpose here is to give an effective representation of the extremal
functions fb or fb in the Tikhonov regularization, since the representation

by spectral theory is abstract, in many practical problems.
- We set, for any fixed positive a > 0

1
Ki(,p;o) = mK(',P)-

Then, by introducing the inner product,

(f, g)HK(L;a) = a(f, g)HK + (Lj, Lg)'H’ ' (15)

we shall construct the Hilbert space Hx(L;a) comprising functions of Hg.
This space, of course, admits a reproducing kernel. Furthermore, we obtain,
directly



Proposition 3.1 ([19]) The extremal function fb (p) in the Tikhonov reg-
ularization

Anf {allfIE, + 11D — LS l3} (16)

18 represented in terms of the kernel K1 (p, q; ) as follows:

fb,a(p) = (ba LKL(’pa a))‘}{ (17)

where the kernel K1 (p,q; ) is the reproducing kernel for the Hilbert space
Hy(L; @) and it is determined as the unique solution K (p,q;c) of the equa-
tion:

. 1. - 1
K(p,g;a)+ E(LanLKp)’H = EEK (P, 9) (18)

with 3 )
K,=K(-,q;0) € Hx for q€E, ‘ (19)

and
K,=K(,p) € Hx for peE.

In (17), when b contains errors or noise, we need its error estimate. For
this, we can obtain the general result:

Theorem 3.1 ([14], [5]). In (17), we obtain the estimate

#ba®)] < —=VE . |bllx

For many concrete applications of these general theorems, see, for exam-
ple, [5, 8-16 18-26]



4 Discretization

In several concrete examples, we consider as the reproducing kernel Hilbert
space Hg the Sobolev Hilbert spaces on the whole spaces which admit con-
crete reproducing kernels and as the Hilbert space H the Hilbert spaces L, on
the whole spaces. Then the related reproducing kernels K (p, ¢; @) and the
extremal functions f b, Can be determined concretely in terms of the Fourier
integrals from the general equation (18). See, [8-11,13,19-21]. Here, we shall
propose a new algorithm to solve numerically the equation (18) which is, in
general, an integral equation of Fredholm of the second kind. Our algorithm
will give a new type discretization whose effectivity was proved by examples
([8]), since to solve the equation (18) is decisively important to obtain the
concrete representation (17).

We take a complete orthonormal system {e;}32; of the Hilbert space H .

For fixed {); }J_ (Aj > 0), we consider the general extremal problem for
(16)

it {aHfII +3 4161, e,>u12} (20)
That is, |
b - Lfli%

is replaced by
o0
Y Ail(byej)u — (LS, e)ul
Jj=1

Then, we shall give an algorithm constructing the reproducing kernel Ko, (p, )
of the Hilbert space Hkg, , with the norm square

ol fllE, + Z MILS, e5)nl? (21)
j=1
Here, of course, we assume that (21) converges for {A;}32,(; > 0). However,
in a practical application, of course, we consider only finite terms in (21) and
by finite terms we can give a good approximation of (21).
We shall start with the first step. The reproducing kernel K (1)(p q) of
the Hilbert space with the norm square



1
ol i, + 3 AILS, e)nl (22)
j=1
is given by

A1 (81, LK;(JO))'H (LKgo)a 61)7-[
1+ Al(L(eI’ LK§0))'H, 81)1{ ,

K®M(p,q) = KO(p,q) - (23)

for 1
K®(p,q) = ~K(p,q).

For the second step, the reproducing kernel K(?(p, q) of the Hilbert space
with the norm square

2
all I3, + D NILS, e)ul? (24)

§=1
is given by

Az(ez, LK},D)%(LK(SU, e2)n
1+ Aa(L(ez, LK«sl))%, €2)n ,

by using the reproducing kernel K()(p,q). In this way, we can obtain the
desired representation of K, »,(p,q) = K®(p,q). Then, we obtain

K@ (p,q) = KW (p,q)

(25)

Proposition 4.1 For any b € H, the ertremal function f arb the ez-
tremal problem (20) is given by

fa,A,b(p) = i Aj(b9 ej)'H(e.ﬂ LKa,/\j (") p))'H’ (26)

=1
where we assume that (21) converges on E.

We consider a general extremal problem in (20) by considering a general
weight {);}. This means that for a larger };,, the speed of the convergence

(Lf,ejo)n — (b, ejo)n

is higher. This technique is a very important for practical applications. For
examples, see [10].



5 Error estimate

In the representation of (26), when the data (b, e;)# contain errors or noise,
we need its error estimate. For this we obtain the good result, which is
corresponding to Proposition 2.2:

Theorem 5.1 In (26), we obtain the estimate

|fur.b(®P)]
o 1/2
< % g(A"'(b’ e,-),d"’)) v K(p,p). (27)

6 Discrete point data case

As a very general algorithm, we shall consider the discrete point data case
such that: In (16), we shall consider the corresponding problem:

f.GI;K {a“f”%{,( + Z )\j!f(pj) - bj‘2} , | (28)

j=1

for fixed discrete points {p;}; of the set E and for given values {b;};. Then,
the corresponding kernels for (23) and (25) are given similarly

MK (p,p1) KO(p1, )

KD (p,g;{m}) = KO (p,q) - = +MKO(py,p1)

(29)

and

1) . (1) .
K®(p,q; {pr,72}) = KO0, q; {m1}) — 225 1(2’52}%?8;;(?;?;’){” b,
30)

In this way, we obtain the reproducing kernel Ko »;(p,q; {p;}) and the cor-
responding results:

Theorem 6.1 For any {b;}, the extremal function Ja{p;} in the extremal
problem (28) is given by



fa,A,{bj}(p) = Z A,;ibjl{a,/\j ('vp; {pj})’ (31)
j=1
where we assume that (91) converges on E. Furthermore, we obtain the
estimate
| Far 6,3 ()]
1/2
(Z(Mb] %) ) VK (p,p). (32)
J=1

The most prototype application of the general theory of this paper is a
simple construction of the Moore-Penrose generalized inverse for any matrix:

A Construction of a Natural Inverse of Any Matrix by Using
the Theory of Reproducing Kernels by K. Iwamura, T. Matsuura and
S. Saitoh (PAJMS Vol. 1 no: 2 (December 2005)).

7 A typical example for the inversion of the
heat conduction

We shall give simple approximate real inversion formulas for the Ga.ussm.n
convolution (the Weierstrass transform)

ur(2,t) = (LF)@) = e o FO e { LT b e (a9

for the functions of Ly(R"™). This integral transform which represents the
solution u(z,t) of the heat equation

u(Z,t) = ugg(z,t) on R™ x {t > 0}
satisfying the initial condition
u(z,0) =F(z) on R",

is very fundamental and has many applications to mathematical sciences.
Over twenty years ago, in the one dimensional case n = 1, the author [17]
gave a surprise characterization of the image ur(z,t) of (33) for Ly(R) =
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Ly(R, dz) functions in terms of an analytic function and established a very
simple complex inversion formula. The paper created a new method and
many applications to general integral transforms in the framework of Hilbert
spaces and analytic extension formulas. See, for example [17] and [27], and
their many references. However, in particular, its real inversion formulas are
very involved, for example, recall that:

For a bounded and continuous function F(z) and for ¢t = 1, for the

d

differential operator D = -

e‘Dz[(LlF)(a:)]=F(x) pointwisely on R

([29]). So, one might think that its real inversion formulas will be essentially
involved for catching ”analyticity” in terms of the data on the real line as in
the real inversion formulas of the Laplace transform. See also [6,7] for recent
related articles.

Indeed, this inverse problem is very famous as a typical ill-posed problem
that is very difficult.

In those papers [22,13], however we were able to obtain simple and prac-
tical approximate real inversion formulas by the method in Section 6 using
the Sobolev reproducing Hilbert spaces. Furthermore, we illustrated their
numerical experiments by using computers and we can realize that we were
able to obtain practical real inversion formulas.

In [14], we applied the Paley-Wiener spaces as the reproducing kernel
Hilbert spaces in the above theory and we got an improved numerical inver-
sion.

At first we shall fix notations and basic results in the Paley-Wiener spaces
and at the same time we shall show the basic relation of the sampling theory
and the theory of reproducing kernels.

We shall consider the integral transform, for L,(R"®, (—#/h, +7/h)"*), (h >
0) functions g

1) = Gy o, x)g )k (34

Here, 2 = (21, 22y -y Zn),t = (t1,%2y .oy tn), dt = dty - dty - - - din, 2 -t = 2181 +
A + zntn avnd

Xa(t) = o1 x(ty, (=7 /h, +7/h)),
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the characteristic function x of (—m/h,+m/h). In order to identify the image
space, we form the reproducing kernel

]. —12Z :
Kn(zT) = o /R xa(t)e e dg (35)
n__ 1 -
H m&n (Z,, u,,).

The image space of (34) is called the Paley-Wiener space W( (:= Wh)
comprised of all analytic functions of exponential type satisfying, for each v,
for some constant C, and as z, — oo

|f(zla ey Zyy By, - )l < C exp ( |;V|)

and

| /R If(2)[2dz < oco.
From the identity, for multi-index j = (51, 72, .., Jn) € 2"

Kh(thj,h) = u-'l h(s(]l/)]u)

(the Kronecker’s §), for each v, since §(j,, j,) is the reproducing kernel for the
Hilbert space £2, from the Parseval’s identity we have the isometric identities
in (34)

e o 0O

i

31 (Gh)

J
= [ 1f@Pds.

That is, the reproducing kernel Hilbert space Hg, with K} (z,%) is character-
ized as a space comprising the Paley-Wiener space W; and with the norms
above in the both senses of discrete and continuous versions. Here we used
the well-known result that {jh}; is a uniqueness set for the Paley-Wiener
space Wp,; that is, f(jh) = 0 for all j implies f = 0. Then, the reproducing
property of K,(z,%) states that

f(.’L‘) = (f()’ Kh("x))Hxh = h" Z f(]h)Kh(]hs :L‘)
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o I GLAGELS

in particular, on the real space z. This representation is the sampling theorem
which represents the whole data f(z) in terms of the discrete data {f(jh)};.
For a general theory of sampling and error estimates for some finite points

{hj}j, see [17]
Following our general theory, we can obtain the concrete results:

Proposition 7.1 ([14]) For any function g € Ly(R™) and for any A > 0,
the best approzimate function Fy, , , in the sense

p3E (NI, +llg = ur 1) B

= ’\”FttA,h,gl‘I%IKh + |lg - UF;A',,,,(', t)”i,(m) (36)
ezists uniquely and Fy, , . i3 represented by
Fiane(@ = [ 9©)Qean(€ - 2)de (37)
for a)
1 e~r(¢-2)g,
Qipp(€ — ) = xu(p) £

T (2m)n SR AelplPt 4 e-lp%

If, for F € Hg, we consider the output up(z,t) and we take up(§,t) as
g, then we have the result: as A — 0

tang = B (38)
uniformly.

Here we note the fact that for the Sobolev space case, for A = 0 the
corresponding representation (37) does not exist ([22],[13]), meanwhile for
the Paley-Wiener space W (%) case of (37), for A = 0 the representation
(37) is still valid; that is, in Proposition 7.1, the result is valid for even
A = 0. Hence, we can consider the results for A = 0 in the spirit of Tikhonov
regularization in which we are interested in a small A or A tending to zero.
That is, when we use the Paley-Wiener space W (%), we need not to consider
the Tikhonov regularization. Then,
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(LtFt‘:O,h,g)(x) = (g()v Kh(" x))Lz(Rﬂ)
as we see from (35). Since the output is the orthogonal projection of g onto

the Paley-Wiener space W (%l), we can estimate the difference of the output
of our inverse Fy, , , and g, clearly as

IZLeFeo,,g — 9llLa(rm)

which is the distance from g onto the Paley-Wiener space W (% . Of course,
F{o,n,q 18 the Moore-Penrose generalized inverse of the operator equation, for

any g € Ly(R") and F € W (%),
LtF =g.

For the Paley-Wiener space W (;:)’ we need not use Tikhonov regular-
ization and we can look for the Moore-Penrose generalized inverse Fy , , by
using the theory of reproducing kernels ([17], pp. 178-180). However, we
had better to calculate the extremal functions Fy, , ; in the Tikhonov reg-
ularization and to set A = 0, because the structure of the Moore-Penrose
generalized inverses is involved.

We consider the heat conduction for the RKHS H K, however, our inver-
stion formula in the sense (36) will show that for a very general function
containing the delta function, our inversion formula is valid, because we are
considering the approximate inversion by the functions Hg.

8 Numerical Real Inversion Formulas of the
Laplace Transform

We shall give a very natural and numerical real inversion formula of the
Laplace transform

(LF)P) =)= [ e F@)dt, p>0 (39)

for functions F' of some natural function space. This integral transform is,
of course, very fundamental in mathematical science. The inversion of the
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Laplace transform is, in general, given by a complex form, however, we are
interested in and are requested to obtain its real inversion in many practical
problems. However, the real inversion will be very involved and one might
think that its real inversion will be essentially involved, because we must
catch ”analyticity” from the real or discrete data. Note that the image
functions of the Laplace transform are analytic on some half complex plane.
For complexity of the real inversion formula of the Laplace transform, we
recall, for example, the following formulas:

lim =1" (Z‘-)"+1 ™ (%) =F)

n—=o0o nl t

and ‘4
. n n,(n\] _
A5, s (1 + m) 7 (7)]=Fo.

([28,29]). See also the great references [30-31]. The problem may be related
to analytic extension problems, see [6,7] and [17].

8.1 A Natural Situation for Real Inversion Formulas

In order to apply our general theory to the real inversion formula of the
Lapace transform, we shall recall the "natural situation” based on [18].

We shall introduce the simple reproducing kernel Hilbert space (RKHS)
Hyg comprised of absolutely continuous functions F' on the positive real line

Rt with finite norms
{/-oo ’ 21 tdt}1/2
A |F'(¢)] e

and satisfying F'(0) = 0. This Hilbert space admits the reproducing kernel
K(t,t)

min(t,t')
Ktt)= [ getde (40)
0 .
(see [17], pages 55-56). Then we see that

[T 1ER) @ypldp < IFI, (41)
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that is, the linear operator on Hy

(LF)(p)p

into Ly(R*,dp) = Ly(R™') is bounded ([18]). For the reproducing kernel
Hilbert spaces Hy satisfying (341), we can find some general spaces ([18]).
Therefore, from the general theory, we obtain

Proposition 8.1 ([/18]). For any g € Ly(R") and for any o > 0, the best
approzimation Fy  in the sense

: oo 1
inf {o [7 PO+ )PP - gl mn

FeHg

% powr (gyj21 .
=a [ |F, 0P cedt + | (CFa,) ()P - ol ca (42)

ezists uniquely and we obtain the representation

Fot) = [ 9(6) (CKa(, 1)) (€)ede. (43)

Here, K,(-,t) is determined by the functional equation

Kolt,t) = ZK(4Y) = 2 (CKat) 0P CE)@P)1amny (44)

for
Ka,t’ = Ka(’7 tl)

and
Kt - K(, t)

We shall look for the approximate inversion F, ,(t) by using (43). For this
purpose, we take the Laplace transform of (44) in t and change the variables

t and ¢’ as in
(LKa(-))(€)

(LK) = 2 (LKar) 0)p, (LLK) D) sy (45)

RQim

Note that
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n_ [ —tet—et+1 for ¢<¢
(LK(-,t))(p)
’ ' ~t' —1 1
= e tPet + + ) 46
© [p(p +1) " plp+ 1)2] p(p+1)? o
/ Vet (LK (-, ¢)) (p)dt = 1 - 47)
0 ’ pa(p + g +1)?

Therefore, by setting

(EKG('s t))(§)§ = Ha(és t)a

which is needed in (3.11), we obtain the Fredholm integral equation of the
second type

aHal6,)+ [ Holt ) g

e ¥et 1 1
=~ |t . 48
£+1 +§+1 +(§+1)2 (48)
By solving this integral equation, we were able to obtain reasonable nu-
merical real inversion formulas in [16].

9 Inversion formulas for linear physical sys-
tems using reproducing kernels

Inverse problems in mathematics which are expected to be applied to prac-
tical problems will, sometimes, have weak points in the viewpoint that the
background theories are not faithful for practical and physical problems. For
example, equations are the representations of some ideal models and are not
those of faithful models in the real physical world. Sometimes, boundary
conditions for the equations are involved in physical units and sometimes
their physical realizations and observations are very difficult. Here, we shall
give a new inversion formula for a linear system based on physical experimen-
tal data and by using reproducing kernels and the Tikhonov regularization.
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In particular, we will not assume any analytical assumption on the linear
system, but we use physical experimental data for obtaining an approximate
inversion formula for the linear system L.

9.1 Approach looking for the inversion

Physically or by computers we can observe only discrete data, so; as a very
general algorithm, we shall consider the discrete point data case such that:
In (16), we shall consider the corresponding problem:

N
L {anfu%,x + 2 IEAE) - deZ}, (49)
K =
for fixed discrete points {P;}; of the set E and for given values d = {d;};;
that is, A is the usual Euclidean space RY .
In order to use the representation (17), we need LK (-,p;@)) and it is
determined by (18). In (18), we operate L as functions in p and we have

aL,K(p,q;a) + Ly(LK,, LK,)n = LK (9, 9)- (50)

Here, when we can take o = 0 in the sense of numerical, we can take, of
course, a = 0 in those arguments.

However, in order to use our method, we must realize some physical
objects as the N data d = {d;};, N x N values L,K(p,q) and N x N values
L,LK, of real values; that is, f and d = {d;}; are numerical representations
of some physical objects in the system Lf = d.

Since the reproducing kernel Hilbert space Hg is the function space ap-
proximating the solution of the operator equation Lf = d, we can take
many simple reproducing kernel Hilbert spaces as in ([17]), however, from
the present situation, the reproducing kernel K (p,¢) must be realized as the
physical object for the present system.

9.2 Physical viewpoints

We see in our inversion formula (17), we use a concrete reproducing kernel
K(p,q) through (18), but we do not use any Hilbert space structure of the
reproducing kernel K (p,q). By the theory of reproducing kernels, for any
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positive matrix there exists a uniuely determined reproducing kernel Hilbert
space; that is, recall the fundamental fact:

We consider any positive matrix K(p,q) on a fixed set E; that is, for
an abstract set E' and for a complex—valued function K(p,q) on E x E, it
satisfies that for any finite points {p;} of F and for any complex numbers

{Cj}7 .
> Z C;Cy K(py,pj) 2 0. (51)

Then, by the fundamental theorem by Moore—Aronszajn, we have:

Proposition 9.1 ([17]) For any positive matriz K(p,q) on E, there erists
a uniquely determined functional Hilbert space Hx(RKHSHE) comprising
functions {f} on E and admitting the reproducing kernel K (p,q) satisfying
and characterized by

K(.,q) € Hx forany q€ E (52)

and, for any q € E and for any f € Hg
fl@) = (F(), K(, @) - (53)

Furthermore, in our inversion formula (17), in (16), we are looking for
approximations of the inversion in the function space Hg, so, in general,
the space Hy is a sufficient large class of functions in the sense that we
can approximate the inverse by the functions in Hg. For example, for any
characteristic function on any interval, we can approximate it by the Sobolev
Hilbert space of 1 dimensional uniformly. This will mean that for the input,
we can consider a suitable positive matrix satisfying (51), here, by a suitable
positive matrix, we mean that the positive matrix may be realized as the
physical data and it will also depend on its physical system.

In connection with these points of view, for example, for the 2 dimensional
Sobolev space, we shall use the more simple reproducing kernel

1 _
K(z1,Z2,Y1,%2) = 1 exp(—|z1 — y1]) exp(—|z2 — 12l), (54)

which is the usual product of the 1 dimensional Sobolev reproducing kernels
and its reproducing kernel Hilbert space is the tensor product of the two
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Hilbert spaces of the one dimensional Sobolev Hilbert space ( see [17] for
this structure). |

We shall introduce several simple reproducing kernels on the whole real
line space. Note here that for multidimensional spaces, we can consider the
products as in (54). Furthermore, the restriction of a reproducing kernel to
any subset is again a reproducing kernel. The sum and the usual product
of two reproducing kernels on a same set are again reproducing kernels. For
these elementary facts, see, ([17]). On the whole real space R, the followings
are reproducing kernels:

(1) Any positive semidefinite matrix.

(2) 6(z —y) (6(0) =1 and &(z) = 0 for z # 0).
(3) For any a > 0, exp(—alz — y|).

(4) exp(ozy) (a>0).

(5) exp(—a(z —y)?) (a>0).

(6) exp(—|z — y|)(1 + |z — yl).

(7) min(z, y).

(8) For any a > 0, Sn(@E=y)

-y

On the half space {z > 0}, the followings are reproducing kernels:

(1) z.;.y) 7 (q 2 %)
2) emrm (€23)
(3) exp{min(z,y)}.

(4) min {“’(11:‘:)N, ”(11:’;)1\,} (N > 1, integer).

On the interval {—1 < z < 1}, the followings are reproducing kernels:

1) o= (22 3).

(2) log i L

(3) 35 log =5 k= et

(4) m— (q > %,a > 0)

Furthermore, note that any reproducing kernel K(p,q) on an arbitrary
set E for a separable reproducing kernel Hilbert space is represented in the
form, for some functions {¢;(p)} on E
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K(p,q) = 3 0i(0)9i(0),
J

that converges absolutely on E x E. Conversely, any function K (p, ¢) which
is represented in this way for arbitrary complex-valued functions {¢;(p)} on
E is a reproducing kernel.

9.3 Exact algorithm

We shall state the exact algorithm looking for the extremal function fq4(p)
in (17), clearly in the setting (50).

1) We set
X(P’ q) = (ka(p’ q; a))(P)7
k(P,q) = (LyK(p,q))(P) (55)
and ,
| (P, Q) = (LeLpyK (p, 9))(P, Q). (56)

2) As the solution of the regular linear equations (50)

N
aX(PJ"q) + Z X(Pj" q)’c(Pj’ PJ') = k(PJ"q);j =1,2,..,N, (57)

i'=1

we determine X (P;,q). Then we obtain the approximate inverse

N
feal®) = X 4 X (Py,p). (58)
Jj=1
Therefore, for some concrete problem for its inversion, we need the ex-
'perimental data (55) and (56) of the two types in 1) and the procedure 2) is
a mathematical problem.
By Theorem 3.1, we note that in (58), the following estimate holds:

N 1/2
faa®)| < 5=y @) (}: dg) .

j=1
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The simplest and the most typical case of the above algorithm is that the
system L is any type matrix of type m and n (without loss of generality we
assume that n > m), and the positive matrix is the identity matrix of size n.
Even this case, it seems that the approximate inversion formula (58) is new.
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