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We design an order-optimal stopping rule for the v-method for solving ill-posed
problems with noisy data. The construction of the v-method is based on a
sequence of Jacobi polynomials, and the stopping rule is based on a sequence of
related Christoffel functions. The motivation for our stopping criterion arises from
a careful comparison between the iterates of the v-method and the approximations
obtained from iterated Tikhonov regularization with (non integer) order v. The
convergence results rely on asymptotic properties of the Christoffel functions.
e, 1994 Academic Press, Inc.

1. INTRODUCTION

The concern of this paper is to introduce a new stopping rule for a
family of iterative regularization methods for solving ill-posed linear
equations with noisy data. This stopping rule is motivated by a parameter
choice method for choosing the regularization parameter in iterated
Tikhonov regularization, which is known to give (iterated) Tikhonov ap
proximations of order-optimal accuracy for a maximum range of ill-posed
problems. This method was developed by Gfrerer in [5] and has been
generalized in [3] to a large class of regularization methods-iterative as
well as noniterative ones. In Section 2 we will exemplify the resulting
parameter choice strategy for iterated Tikhonov regularization, considered
as an iterative method. Independently, Raus [17] suggested an order-opti
mal parameter choice strategy which coincides with the one from [5] in the
case of iterated Tikhonov regularization.

Since its introduction by Brakhage [2] the so-called v-method has been
proven to be an attractive alternative to conventional regularization meth
ods, d., e.g. [7]. The v-method is a two-step iterative method defined by a
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sequence of Jacobi polynomials; v > 0 is a parameter to be chosen in
advance. It was shown in [2] that if the exact solution belongs to a certain
set 2"v to be specified below, then there exist stopping rules which yield
approximations of order-optimal accuracy. Morozov's discrepancy princi
ple [12] would be a natural choice for such a stopping rule: it monitors the
size of the actual residual and terminates the iteration when the residual
norm drops below the noise level in the data. However, it can be shown
with an argument due to Groetsch [6, Theorem 3.3.6] that the discrepancy
principle does not always lead to full accuracy; order-optimal accuracy of
the corresponding approximations can only be guaranteed if the exact
solution belongs to a proper subset ~v-I/2 c ,'Z~, cf. [7].

The parameter choice rules developed in [3] and in [17] do not work for
the v-method, as will be shown in Section 4. The reason is a more
irregular behavior of the error in the v-method compared to other regular
ization methods. However, via a surprising connection between the v

method and iterated Tikhonov regularization we will still be able to
construct an order-optimal stopping rule for the v-method (Algorithm 4.2).
One can think of our approach as a transformation of the irregular error
curve into a smoothed one by using Christoffel functions associated to a
related sequence of orthogonal polynomials; a similar idea has also been
used in [8] where a heuristic stopping rule for the v-method was developed
for the case that even the data noise level is unknown. Our criterion will
rely on an upper bound for the noise level; only for such criteria one can
expect results about convergence (rates), d. Bakushinskii [1].

2. PRELIMINARIES

Throughout this paper we consider the linear equation

](x = g, (2.1 )

where K is a bounded linear operator between two Hilbert spaces 2'( and
2'2' and g is in 9l(K), the range of K. We denote by II . II the norms in
the respective Hilbert spaces, and assume without loss of generality that
IIKII = 1. We are primarily interested in the case where 9l(K) is not
closed. In this case the problem (2.1) is ill-posed because the
Moore-Penrose generalized inverse Kt of K (the operator which assigns
the minimum norm solution x = Ktg to g) is unbounded, cf. [6]. Thus, if
we have noisy data g' with

(2.2)

then, even if g' E9l(K), Ktg , will in general be far from Ktg. Hence,
(2.1) must be regularized.
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The construction of (linear) regularization methods can be based on
spectral theory: if, for a > 0, u,,: [0, 1] -? IR is such that u,,(A) -? l/A as
a -? 0, pointwise on (0, 1], then one can define a regularized solution via

and

x~:= u,,(K*K)K*g' (2.3)

E -? 0,

if the parameter choice strategy a = a(e) is suitably chosen; for details and
precise assumptions we refer to [6].

Iterative methods can be treated in a similar manner. The continuous
regularization parameter a is replaced by the iteration index k, the
regularized solutions are defined via

(2.4)

where now Uk: [0, 1] ~ IR is such that uk(A) -? I/A pointwise on (0, 1] as
k -? 00.

A method that can be considered both as a continuous and as an
iterative regularization method is iterated Tikhonov regularization, where,
for a > 0 and kEN, the regularized solutions are defined via

x~,o = 0,

(K*K + aI)x~,k = K*g' + aX:,k-l'

which can also be written as

x' =u (K*K)K*g'
", k ", k

with

(A + a)k - a k
U (A) - -----;--

",k - A(A + a)k

(2.5)

(2.6)

(2.7)

If we keep k fixed and let a -? ° then we obtain iterated Tikhonov
regularization of order k as studied, e.g., by King and Chillingworth [9],
But we can also keep a > 0 fixed and consider (2.5) as an iterative
method, cf., e.g., Kryanev [10]. In all regularization methods, an essential
question is the choice of the regularization parameter a or, analogously,
the choice of the stopping index k, the stopping rule. If the problem (2.0
is ill-posed then the convergence can be arbitrarily slow, cf., e.g., Schock
[19]. Convergence rates can only be obtained under additional smoothness
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assumptions, namely source conditions of the type

(2.8)

for some f.L > 0; (2.8) may be interpreted as an abstract smoothness
assumption.

In practice f.L is rarely known so that a priori parameter choice or
stopping rules that depend on the knowledge of f.L are not practical. This
shortcoming can be overcome by using a posteriori parameter choice rules.
For a wide class of regularization methods, a posteriori rules with optimal
convergence rates were developed in [I7, 5, 3]. We sketch the underlying
principle for the case of iterated Tikhonov regularization following the
approach in [5, 3]. The total error can be estimated in this case by

I 7 7 k 2
-llx - x' II~ < Ilx - XO II~ + E 2 -2 a k - a k 0'2 • (2.9)

The basic idea (for (2.5) considered as a continuous regularization method
with parameter a) is now to differentiate the right-hand side of (2.9) with
respect to a and equate the result to zero. This equation would certainly
determine an "optimal" regularization parameter because the (sharp)
estimate (2.9) is minimized, but cannot be implemented as it involves the
unknown exact right-hand side g. It turns out, however, that one may
replace g by g' and the resulting nonlinear equation determines a
regularization parameter a(E) which is now optimal in the sense that for
given g and E, there is a positive constant C such that

sup Ilx - x;;(f).kll ::s; C sup inf Ilx - x;,.kll,
Ilg-g'II:;,. Ilg-g'Il~,. a>O

(2.10)

under quite reasonable conditions (d. [3] for the precise statement). In
particular (2.10) shows that the actual error obtained from this stopping
rule has the same order of magnitude as the optimal error (minimized
over a) for worst case data perturbations. Equation (2.10) heavily relies on
a certain monotonicity assumption which implies that for exact data the
error decreases monotonically.

We mention, d. [9], that for x = (K* K )1'1 EO 2'1" with 0 < f.L ::s; k the
optimality property (2.10) implies that

(2.11)

where C depends on f.L only. It is known (d., e.g., Louis [11]), that the
order of the exponent of E on the right-hand side of (2.11) cannot be
improved (uniformly in ,;z~) by any other regularization method. A param-
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eter choice rule (or a stopping rule) for which the corresponding error can
be estimated as in (2.11) will be called order-optimal for x E 2'1" Note that
this notion is a bit weaker that the notion of optimality that we have
introduced before. We will come back to this in Section 6.

Next, we consider (2.5) as an iterative regularization method, i.e., we
keep a > 0 fixed and let k ~ 00. A similar argument can now be used to
derive a stopping rule k = k(E), if we replace differentiation (with respect
to a) by a difference operator (with respect to k). The corresponding
results from [3) yield the following stopping rule: take k(d to be the
smallest integer for which

holds (with 'T > 2 fixed). The iteration may be rearranged so that the
left-hand side of (2.12) can easily be evaluated: if we compute

Z:,o = 0,

( KK* + aI)z" = g'- + az"a,k a,k-Jl

X~,k = K*Z:,k'

then (2.12) can be reformulated as

(2.13)

(2.14)

and the iteration is stopped with k = k(d as soon as (2.14) is satisfied for
the first time.

This stopping rule has the corresponding optimality property that

sup Ilx - x:,k(c)11 :::::; C sup inf Ilx - x:,kll,
Ilg-g'II,;;£ Ilg-g'll,;;e kEN"

(2.15)

cf. [3] for the precise conditions. Since the iteration (2.13) is known to
reach order-optimal accuracy for all 2'1' with f.L > 0, cf" e.g., [I 7, 18], it
follows from (2,15) that the parameter choice rule (2.14) is order-optimal
for all 2'1" f.L > 0, Again, it is crucial for verifying (2,15) that for exact data
the iteration error decreases monotonically. As we will see in Section 4,
this property is lost for the v-method, and therefore, the general rule from
[3) is not applicable as a stopping rule for the v-method.

The reason that we nevertheless include the above discussion stems
from an intimate connection between the v-method and iterated Tikhonov
approximations of order v that we will establish below.

640/79/1.7
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3. THE V-METHOD

The v-method was introduced by Brakhage [2], and studied subse
quently in [7, 8]. The special case v = t coincides with the Chebyshev
method developed by Nemirovskii and Polyak [14]. To obtain order-opti
mal approximations, the positive parameter v should be chosen such that
v ~ J-L, where J-L is as in (2.8). This requires some, but not very detailed
prior knowledge about the exact solution x.

Given v, the iterates Xk of the v-method are defined recursively for
k = 1, 2, ... , by x~ = 0, z[; = 0, and

xk=K*Zk'

The scalar parameters J-Lk and Wk are given explicitly,

(3.1 )

and, for k > 1,

J-LI = 1,
4v + 2

W =
I 4v + I'

(k - 1)(2k - 3)(2k + 2v - 1)
J-Lk = 1 + ----------------

(k + 2v - 1)(2k + 4v - 1)(2k + 2v - 3)'

(2k+2v-l)(k+v-l)
Wk = 4 .

(k + 2v - 1)( 2k + 4v - 1)

For our analysis we will also require the "ideal" approximations z2 and x2
that would have been obtained in 0.1) if E were zero, and which we
denote by Zk and x k from now on.

The l'-method fits into the general framework (2.4) with

and where Pk are rescaled shifted Jacobi-polynomials,

Note that Uk is a polynomial of degree k - 1. We refer to Szego [20] for
the many properties that are known about Jacobi polynomials.

For x E 2'J.L with 0 < J-L :0;; v, Brakhage [2] derived an order-optimal
a priori stopping rule for the v-method; it follows from the saturation
results in [7] that no such rule can exist for J-L > v. As in Section 2, we now
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want to find an implementable (a posteriori) stopping criterion which does
not require knowledge of Ji" but which nevertheless is order-optimal for
the full range of 2'1" 0 < Ji, ::::; II.

The stopping rule that we suggest below utilizes the fact that the
polynomials

d (A) = Pk-I(A) -pdA)
k-l A

are rescaled and shifted copies of the Jacobi-polynomials pf~'t 1/2, - 1/2).

The d k _ 1 occur naturally during the iteration as

, " d ( KK*) "Zk - Zk_1 = k-I g , (3.2)

and have therefore been termed update polynomials in [8]. As there,
however, it is not the sequence {d k } of orthogonal polynomials that we will
primarily use for our stopping rule, but rather their associated Christoffel
functions: if we denote by dk the orthonormalized update polynomials,
then the Christoffel functions associated with {dk } are defined as

n E N. (3.3)

We will make essential use of the asymptotical properties of ii n that were
obtained by Nevai [15] and subsequently refined by Erdelyi, Magnus, and
Nevai [4] who provided explicit estimates for the associated constants.
These results are reformulated in [8, Sect. 4] with special regard to our
particular application. As in [8] we write CXk - 13k if there are positive
constants c, C such that Cctk ::::; 13k ::::; CCXk' k = 1,2 ....

We conclude this section with an interesting connection between the
v-method and iterated Tikhonov regularization of non-integer order v,
defined via (2.6) and (2.7) if k is replaced by v. Of course if v i£ N then
(2.5) cannot be used for an implementation. This connection to iterated
Tikhonov regularization is the basic motivation for our new stopping rule,
but Theorem 3.1 might be interesting in itself:

THEOREM 3.1. Let v> 0, and denote by x~.,. (and x".", respectively)
the approximations of iterated TikhonOl' regularization of order v. Then
there is a constant C such that

while

k = 1,2, ... ,

k = 1,2 ....

(3.4)

(3.5)
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Proof For the kth iterate x k of the v-method we obtain from (2.4) the
iteration error

(3.6)

while for iterated Tikhonov regularization of order v we have analogously

with

x - x a v = ra v( K*K)x, . (3.7)

We first recall (cf., e.g., [2, 8]) that there is a constant C * (depending on
v only) such that

0< A ~ 1, k = 1,2,.... (3.8)

Thus, for a = k - 2 ~ A ~ 1 we conclude

On the other hand, for 0 ~ A ~ k -2 = a we have

The spectral theorem, (3.6) and (3.7) now imply assertion (3.4) for the
iteration error.

Next we turn our attention to the perturbation error. Inserting g and g'
in (2.4), respectively, we have

X k -xZ = uk(K*K)K*(g _gf),

x a.v - x~.v = u"j K*K) K*(g - g').
(3.9)

For 0 ~ A ~ k - 2 = a we apply the mean value theorem and Markov's
inequality, cf. [7, Eq. (7.2)], to obtain

and similarly,
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Hence,

2v + 2°~ uk(A) ~ --Ua v(A)
II '

for A E [0, k - 2], In the remaining interval [k - 2, 1] we have

97

(3,10)

1 - 'a.v(A) ~ 1 - 'a,v(k-2) = 1 - 2- v ~ 2- V lllog2,

while 11 - Pk(A)1 ~ 2; dividing by A we obtain (3.10) for k- 2 ~ A ~ 1 as
well. Thus, the spectral theorem yields

(3.11)

for some positive C, Q = k- 2, and kEN.
To prove the converse of (3.11) we need to find a positive number C

such that the inequality

(3,12)

holds true for all kEN and Q = k- 2
• For k = 1 and k = 2 such a C

obviously exists because uk/ua , v can be extended to a continuous, strictly
positive function on [0, 1]. Therefore, we can assume k > 2 in the follow
ing. Let Ak denote the smallest zero of Pk; it is well known, cf., e.g., [20,
Theorem 8.9.1], that Ak ~ ck- 2 for some c > 0. Using the convexity of Pk
in [0, Ad we conclude

(3.13)

On the other hand, the mean value theorem implies

To estimate Pk in 1\ [0, Ak ] we apply Sonin's theorem, cf. [20, Sects. 7.31
and 7.32] and we show that the maximum Mk of Pk in [A k , 1] is less than
some 1 - {) for all k > 2; here, {) > °is independent of k. Szeg6 [20,
p. 169] has shown that Mk is attained at A = A1, i.e., at the first relative
maximum of the graph of Pk to the right of A = Ak • Moreover, from [20,
Eq. (7.32.4)] we have

411 A'

1 - Mf = k(k + 211) fa '(I - A)(p~(A»)2dA.

By means of [20, Theorem 7.32.4] we can now choose c* > °so small that
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=4vc~+o(I), k ~ oc.

Since the right-hand side is always positive, we can find {j > 0 as desired,
i.e.,

Together with (3.13) and (3.14) we have verified (3.12) for all A E [0, I]
and k > 2, and hence,

(3.15)

(3.11) and (3.15) finally imply (3.5). I

Note that no analog of (3.5) is valid for the approximation error (3.4):
this will be exemplified in Example 6.1 where the left-hand side of (3.4)
vanishes for some kEN and x "* 0; the right-hand side of (3.4) can only
vanish for x = O.

Roughly speaking, Theorem 3.1 states that the v-method provides an
accuracy comparable to iterated Tikhonov regularization of order v. One
may even go somewhat further and consider the v-method as an (almost)
equivalent implementation of Tikhonov regularization (of order v) in
which the update of the regularization parameter is much less cumber
some than in standard implementations of Tikhonov's method.

We further note that in conventional iterative regularization methods
the iteration index k is usually connected with 1/0: in (2.3); here we have
k - 1/ l;;, which reflects the faster convergence of the v-method.

4. THE NEW STOPPING RULE

In this section we derive a new stopping rule for the v-methods. We
restrict our attention to stopping criteria which are determined by a
sequence of real functions {Pk} in the following way, compare (2.12): stop
iterating with k = HE), when for the first time

(4.1 )
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k = 0,1,2, .... (4.2)

As usual, II . 11[0.1] denotes the maximum norm on [0, 1]. Note that if Pk is a
polynomial of degree 2k + 1, then the left-hand side of (4.0 can be
evaluated with little extra effort during the (k + Ost step of the iteration.

We first consider the stopping rule developed in [3]; it fits into the above
framework with

1 p2(A)-pL,(A)
=--

dk(O) A
(4.3)

and T > 2. However, it turns out that, as opposed to iterated Tikhonov
regularization, the monotonicity requirements on the error mentioned in
Section 2 are not fulfilled for the v-method. Technically, these require
ments [3, Assumption 3.1] would boil down to requiring that the sequences
{Pk(A)}k'O < A :0; 1, are decreasing in k, which is not the case as computa
tions using, e.g., MAPLE, immediately show. I These oscillations in the error
curve have already been noted in [8].

It is for this reason that not only the optimality results from [3] cannot
be applied, but the stopping rule (4.1) with Pk from (4.3) does not even
lead to a convergent regularization method, as the following example
shows:

EXAMPLE 4.1. Let?1 and ?2 denote the smallest zeros of Pl and P2'
respectively, and consider the function PI (a polynomial of degree 3):
because of the interlacing properties of the zeros of orthogonal polynomi
als we have ?2 < ~ 1 and PI changes sign between ~2 and ~ I; in fact, it is
not difficult to see that p, has a unique zero A~ in the open interval
(~2' ~I)' Now we consider a compact selfadjoint operator K with infinite
dimensional range and eigenvalue A*; let the exact solution x of (2.1) be
an associated eigenvector with unit norm. Then, by construction and by
(4.2),

According to the stopping rule (4.1), the iteration will therefore be

1We kindly thank F. Peherstorfer for providing us with a theoretical analysis concerning
this question of monolonicity.
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x[; = 0 or with
411 + 2,. K* ,.

XI = 411 + 1 g.

In both cases, we conclude from the decomposition (3.6), <3.9), for the
error of the k(c)th iterate that

and therefore, xr(,) does not approach the solution x as E ~ o.
We will now utilize Theorem 3.1 to construct an order-optimal stopping

rule. To this end, we will always assume II to be fixed and refer to the
iterated Tikhonov regularization method of order v briefly as the "iterated
Tikhonov method." One conclusion that we may draw from Theorem 3.1
is, that a strategy for choosing the regularization parameter a which works
well for iterated Tikhonov regularization should yield similar results for
the v-method, when replacing a by k - 2. Note that the strategy (2.12) has
the form (4. j) with

A A (a )21'+1

p,,( ) = A + a

However, this choice of P would require inversion of KK* + aI, which is
a price that we do not want to pay. Therefore, we will instead use
polynomials of degree 2k + I to approximate p". Keeping in mind that
a = k - 2 we thus have to approximate

1 ( I,A A = _
p,,( ) 2 21'+\ (k 2 ')" -21'-1

(l+kA) 1\,

OSAsk- 2
,

k- 2 SA S 1.
(4.4)

This can be achieved with the Christoffel functions A k of <3.3) after
suitable normalization: we take

Pk(A) = il k+ I(0)/11 k+ 1(A),

and obtain from [8, Eq. (4.8)] and (4.4)

(4.5)

( 4.6)

uniformly for A E [0, 1].
At this point we mention that the general scheme by Raus [17] would

suggest the choice

( 4.7)
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although the conditions required in [17) are not satisfied here, and there is
no realistic way of implementing (4.0 with Pk' it is nevertheless interesting
to remark that 15k has a majorant with the same asymptotics as our Pk' cf.
(3.8).

Note that Pk of (4.5) is a polynomial of degree 2k, and-because the
maximum of A;11 is attained at A = O-we have

k = 0,1,2, ....

For our stopping rule, we insert Pk of (4.5) into (4.1); then the left hand
side of (4.1) can be evaluated during the iteration with the following
algorithm (see Lemma 4.3 below).

ALGORITHM 4.2. Let 110 = //g"//z, and select T > 1. Within the k + 1st
iterative step, k = 1,2, ... , compute

(4.8)

where the parameters ak and 13k are determined recursively by an = 1
and

k = 1,2, ....

k(2k - 1)(2k + 2v - 1) -I
a;'=I+ a

(k + 2v)(2k + 4v + 1)(2k + 2v + 1) k-l'

(2v + -n2

(4.9)

Then, as stopping index k = ked, choose the smallest integer k > 0 such
that

LEMMA 4.3. The numbers 11k computed by Algorithm 4.2 satisfy

k = 0,1,2, ... ,

with Pk as in (4.5).

Proof We show first that the ak as defined by (4.9) satisfy

k = 0,1,2, .... (4.10)

For k = 0 this is clearly true by the definition (3.3) of ilk. The numbers
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dk(O) are explicitly known (d. (20) or [8]), so that (4.9) can be rewritten as

k = 1,2, ....

Now the assertion (4.10) follows easily by induction. Note that (4.10)
implies

k = 1,2, .... (4.11)

Second, from the definition of 13k and from [8, Eq. (2.17)] we have

13k = ak/df(O).

According to (3.2), the second term on the right-hand side of (4.8)
therefore equals

(4.12)

We finally observe that we have Po == 1 so that the assertion of the
lemma holds for k = O. The general claim follows from (4.10 and (4.12)
by induction. I

5. ORDER-OPTIMALITY OF ALGORITHM 4.2

We now derive the convergence properties of our stopping rule. We
begin by showing that the iteration will always terminate:

PROPOSITION 5.1. If g E /Jf( K) then Algorithm 4.2 determines a finite
stopping index.

Proof This is a standard argument, see, e.g., [3, Lemma 2.3). Accord
ing to (4.4) and (4.6), Pk converges pointwise to zero for A E (0, 1);
furthermore, Pk is uniformly bounded. From the dominated convergence
theorem we conclude that

k --> 00,

where P is the orthogonal projector onto the closure of 9?( K). Since
g E9?(K), the right-hand side does not exceed E

2 and the claim follows.

I
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We now show that the IJ-method with the stopping rule proposed in
Algorithm 4.2 is order-optimal in all sets R"'", with 0 < JL ~ IJ, i.e., in the
full range where this is possible:

THEOREM 5.2. Assume that g = Kx, x being the solution of minimal
norm. Then, Algorithm 4.2 is order-optimal for x E R"'"" 0 < JL ~ IJ.

Proof In view of 0.8) and (4.6) we can find a constant e such that

k = 1,2, .... (5.1 )

Moreover, it can easily be seen that for 0 < JL ~ IJ there exist constants
e", such that

(5.2)

Now, fix 0 ~ JL ~ IJ and assume that

x = (K*K)"'f.

As mentioned previously, the iterates of the IJ-method when g' in 0.0 is
replaced by g are denoted by x k • Also, from now on, let k be the
termination index obtained from Algorithm 4.2 (equivalently, from (4.0
with P as in (4.5». With this choice of k we finally introduce the operator

R = (pk(K*K))I/(2,,+I),

and observe that IIRII ~ 1.
Since Pk is bounded by 1, the triangle inequality yields

Using (5.0 and applying the interpolation inequality to RK* K we obtain
the following estimate for the iteration error at the stopping index,

Ilx - xkll = Ilpk(K*K)(K*K)"'fll ~ ell(RK*K)'" R"-"'fll

~ ell R" -"'fill /(2", + I )II( K *K ) 1/2 R" + 1/2 ( K *K )'" f 11 2", /(2", + I)

~ ellfll l / O", + 1)( g, Pk( KK*) g )"'/(2", + I).

Inserting (5.3) we deduce the order-optimality of the iteration error,

(5.4)
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If k = 0 then we have no additional error due to the noise and we are
done. For the remaining cases we will first show that, for some constant C,

(
Ilfll ) 1/(21' +])

k::;;C -
E

In fact, if k = 1 then we have

TE
2 < 710 = IIg'I12

= IIK(K*K)l'f+g' _g112:os; (11fll + E(

(5.5)

(5.6)

From this we conclude that (5.5) holds with C = (Ii - 1) -1/(21' + 1). For
k > 1 we use the inverse triangle inequality to obtain the following analog
of (5.3),

and then apply (5.2) to estimate the right-hand side,

(g'Pk_I(KK*)g) = (f,(K*K)21'+IPk~I(K*K)f)

s CI'(k - 1)-41'- 21IfI12
•

Since k - 1 ~ k/2 in this final case, there is a constant C such that (5.5)
always holds. In view of (5.5), [7, Lemma 8.2] yields

Ilxk - xkll s Cllfll l
/(2I'+I)E 21'/(21'+1).

Combining (5.4) and (5.6) the assertion follows. I
We mention that Theorem 5.2 in particular implies, d. Plato [16], that

our stopping rule is a convergent regularization method, i.e., if g E.9f( K)
then x k(') ~ Ktg as E ~ O. Estimates for the constants in (5.4) and (5.6)
may be deduced from [4], but this is beyond the scope of our paper.

6. COMPARISON OF THE ACTUAL ERROR

AND THE OPTIMAL ERROR

In the previous section we have seen that our stopping rule is order
optimal for x E 2"1" 0 < J-L S v, i.e., the resulting approximations satisfy
(2.11). In this section we deal with the question whether our stopping
index is also optimal in the sense of (2.15). To simplify the notation, we
call Ilx - x k(f)1I the actual error e(g, g') of Algorithm 4.2, if k(E) is the
corresponding stopping index. Obviously, the actual error depends on
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g, g£, and on T. We compare the actual error e(g, g£) with the optimal
error eopr(g, d which is the error of the best iterate in a worst-case
situation,

eopt(g,E):= sup infllx-x~ll.
Ilg_g'II~£ kENo

Clearly, if we could find some C> 0 such that e(g, g£) ::-::; Ceop/g, d for
all perturbed right-hand sides g£ satisfying (2.2), then our stopping rule
would be optimal.

As it turns out, however, our stopping rule is not optimal in this
stronger sense:

EXAMPLE 6.1. Let A; be a zero of the k* th Jacobi polynomial Pk ,
where k* E N is arbitrary but fixed. We consider a compact selfadjoi~t
operator K with spectrum {A*, AI' A2, ..• }, where A] > A2 > '" are
infinitely many eigenvalues of K (different from A*) converging to zero.
We assume that the exact solution x of our problem (2.0 is a unit
eigenvector of K for A*. Then, by construction and by 0.6),

IIx - xUI::-::; Iluk.(K*K)K*IIE ::-::; 2k*E,

ct. [7, Lemma 8.2]. Note that the right-hand side depends on E only.
Consequently, we have

E --> O. (6.1 )

Now let k be the stopping index determined from Algorithm 4.2. From
(5.3) we then have

hence, using the asymptotics (4.4) and (4.6) for the Christoffel functions,
we can find a (possibly) small but positive number c depending on A* and
v only, such that

(6.2)

Now, we choose perturbed data g'J,j = 1,2, ... , in such a way that

j = 1,2, ... ,

where (J is a positive constant to be determined later, and vj is a unit
eigenvector of K for Aj' We denote by k j the corresponding stopping
index of Algorithm 4.2. From 0.6) and 0.9) we conclude that the actual
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error is

Now, set
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with c as in (6.2) and C* as in 0.8); then it follows from 0.8) and (6.2)
that

1 - P (.12 ) > 1 - C (k .1)-2" > 1 - c- 2v C A :-2vE 2v/(2v+1)
k) } - *}} - * }

for all j EO N. Thus we conclude from (6.3) that

j = 1,2, ....

Clearly, for j ~ 00, i.e., for E j ~ 0, this rate of convergence is worse than
the convergence rate of the optimal error e

OP1
(g, E) as determined in

(6.1).
We may conclude from the above example that our stopping rule is

based on a certain estimate of the actual error which does not recover the
fluctuations of the error norm as k increases. As we have indicated
previously, our error estimate is based on a smoothed copy of the actual
error curve, and this reflects the role of the Christoffel functions. We also
observe from the construction in Example 6.1 that, to obtain an order-op
timal stopping rule, it is necessary that the functions Pk in (4.0 have the
same zeros as the polynomials Pk' Note that this would be satisfied by the
functions j5k of (4.7).

We finally mention that we have implemented Algorithm 4.2, and
compared it with the discrepancy principle for a "model ill-posed
problem," a first kind integral equation with a Green's function as kernel
function,

with

l\X(s) = tk(s,t)x(t) =g(s),
()

O:5:s:5:l,

_ (1T
2
S(1 - t),

k(s,t)- 0

1T~t(1 - s),

0:5:s:5:t:5:1,

O:5:t<s:5:1.

This is a standard test example; in [7] it was reported that the discrepancy
principle terminates the iteration too late, when applied to the Chebyshev
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TABLE I

Performance of the ~ -method

Optimal Algorithm 4.2 Discrepancy

19 18 25 iterations
0.0293 0.0301 0.0415 relative error

30 52 92 iterations
0.0087 0.0158 0.0222 relative error
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method of [14] (i.e., the ~-method). Note that lJ = ~ is of special interest
as with this choice of lJ the discrepancy principle fails to be order-optimal
for any set Tit with J.L > O.

Using the discretization and the second choice for x from [7, Sect. 11]
(the details are provided there) we obtain a significantly better perfor
mance of our new stopping rule. We have run the Chebyshev method on
this example with 1% noise and with 0.1 % noise in the data; the iteration
count of the optimal iterate, the stopping index obtained from the discrep
ancy principle and from Algorithm 4.2, together with the corresponding
actual (relative) errors are collected in Table I. These numbers correspond
to a choice of 7" = 1.2.
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