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Abstract

Quantities of interest appearing in concrete applications often possess sparse expan-
sions with respect to a preassigned frame. Recently, there were introduced sparsity
measures which are typically constructed on the basis of weighted ¢; norms of frame
coefficients. One can model the reconstruction of a sparse vector from noisy linear
measurements as the minimization of the functional defined by the sum of the discrep-
ancy with respect to the data and the weighted ¢;-norm of suitable frame coeflicients.
Thresholded Landweber iterations were proposed for the solution of the variational
problem. Despite of its simplicity which makes it very attractive to users, this algo-
rithm converges slowly. In this paper we investigate methods to accelerate significantly
the convergence. We introduce and analyze sequential and parallel iterative algorithms
based on alternating subspace corrections for the solution of the linear inverse problem
with sparsity constraints. We prove their norm convergence to minimizers of the func-
tional. We compare the computational cost and the behavior of these new algorithms
with respect to the thresholded Landweber iterations.
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1 Introduction: Linear Inverse Problems with Sparsity Con-
straints

Often in applications the quantity of interest is not given explicitly, but only indirect obser-
vations are furnished by measurements. Although complex phenomena are often governed
by nonlinear rules, still the assumption of linear dependence of the observations on the
quantity of interest covers many interesting problems and surprisingly works well also for
certain nonlinear situations. In this paper we are concerned with linear inverse problems
which are mathematically described as follows.



Let £ and ‘H be (separable) Hilbert spaces and A : K — H a bounded linear operator.
Assume we are given (observations) data g € H,

g=Af.

Then our goal consists in reconstructing the (unknown) element f € K. We are interested in
particular in the situation when the corresponding linear mapping from the vector f to the
vector g is not invertible or ill-conditioned. Moreover, we may assume that the data g are
corrupted by noise. Thus, in order to deal with our reconstruction problem a reqularization
is required [22].

Of course, with incomplete data (i.e., few measurements) and noise disturbance, it is
impossible to recover f without imposing further constraints which help to shape the so-
lution of the problem. Therefore our main assumption throughout this paper is that f is
sparse with respect to a pre-assigned frame or basis (for the Hilbert space K) [8]. Our aim
is to model the sparsity constraint within a regularization term. Let us clarify what we do
mean with sparsity.

We assume that we have given a suitable frame {1, : A € A} C K indexed by a countable
set A. This means that there exist constants ¢, cs > 0 such that

allfIlF <" uNP <elflE forall fek. (1.1)

AEA

Orthonormal bases are particular examples of frames. Frames allow for a (stable) series
expansion of any f € I of the form

f=Fu:= ZU,\%\ (1.2)

AEA

where u = (uy)xea € f2(A). The linear operator F' : lo(A) — K is called the synthesis map
in frame theory. It is bounded due to the frame inequality (1.1). In contrast to orthonormal
bases, the coefficients u) need not be unique, in general. For more information on frames
and their differences with respect to bases we refer to [8].

For f to be sparse with respect to the frame {1}, we mean that f can be well-
approximated by a series of the form (1.2) with only a small number of non-vanishing
coefficients u). Sparsity also means that only few information is conveyed by f. It is rea-
sonable to expect that only few measurements, although incomplete to identify an arbitrary
element in K, might be sufficient to characterize and to reconstruct f.

It is now established, see for instance [4, 3, 18], that sparsity can be modelled as the
sequence u being contained in ¢1(A). Indeed, the minimization of the ¢1(A) norm promotes
that only few entries are non-zero.

On the basis of these considerations, several authors, e.g., [19, 23, 38, 39, 42], proposed
independently the regularized functional

T(w) = llg = Tuld +rlluly = g = Tullp + 7Y ul, (1.3)
AEA



which has to be minimized with respect to the vector of coefficients u = (uy)xcp. Here we
have introduced the operator T' = A o F' : {3(A) — H, which combines the frame synthesis
map with the original model A. The ¢; norm in this functional clearly represents the
regularization term. Once the minimizer v = (uy) is determined we obtain a reconstruction
of the vectors of interest by means of f = Fu = ), uxty. An iterative thresholding
algorithm can be taken to perform the minimization with respect to u: Pick an initial
u® € l5(A) (u® =0 1is a good choice) and iterate

W) = S (u™ 4+ T*(g — Tu™)), n>0. (1.4)

where S, is the so-called soft-thresholding operator, which acts componentwise S,v =
(S7rua)aea and defined by

| x—sign(x)g, |z| >3
Sr(z) = { 0, otherwise.

In [14] the algorithm in (1.4) was analyzed and the authors proved that it converges strongly
to a minimizer u* of the functional 7. The proof of this result is based on the application
of the Opial’s fixed point theorem [33] which implies the weak convergence, and on specific
properties of the thresholding operator which allow to turn the weak convergence into
strong. Besides the elegant mathematics needed for the convergence proof, one of the major
advantages of this algorithm is its simplicity, also in terms of implementation. Indeed
thresholding methods combined with wavelets have been often presented, e.g., in image
processing, as a possible good alternative to total variation minimization [5] which requires
instead the solution of a degenerate partial differential equation. See [17] for a recent
comparison of these two methods. Unfortunately, no rate of convergence is ensured for the
algorithm in (1.4). In practice, the algorithm converges relatively fast for few very initial
iterations, but after this short transition, it starts dramatically to slow down. These effects
are very well documented in the paper [15], see also [31] for a discussion in applications. In
particular, in [15] an alternative approach is proposed towards projected gradient methods
where the iteration (1.4) is substituted with

u™ ) = Pr(u™ + T (g — Tu™)), n>o0. (1.5)

where Py is the projection onto the ¢;-ball of radius R > 0, and ) > 0 are suitable descent
parameters. Again, this latter algorithm converges strongly to a minimizer of J where
7 = 7(R) is chosen according to R. Indeed, in this case the convergence is much faster in
practice. Nevertheless, as soon as the dimension of the problem is very large the computation
of the projection Py and of an optimal 3™ may result again computationally demanding.
Since no convergence rate can again be theoretically ensured for this second algorithm, it
is difficult to estimate the trade-off between computational cost and fast convergence. A
further alternative is the introduction of a quadratic term for € > 0

Je(u) = |lg = Tull3; +7llully + elul3. (1.6)

The minimizer u® of this functional can be computed by the following iterations:

1
(n+1) — _ = (n) *(g — (n) >
u 1 EST(U +T(g—Tu")), n>0. (1.7)



In this case and for ||T|| < 1, the function v — 1_-1+eST(U+T* (9—Tw)) is a contraction, hence

the iteration converges linearly to the unique minimizer of J.. By I'-convergence, see for
instance [27] for precise statements, one can show that there exist sequences of minimizers
u® which converge to a minimizer u* of 7. Unfortunately it is not possible to assess the
rate of convergence of this latter approximation. In the papers [26, 27] a very general family
of iterative thresholding algorithms is analyzed for joint sparse and vector valued recovery,
and their convergence properties are also discussed. Generalizations to nonlinear inverse
problems appear in [35, 36, 41].

We emphasize the enormous impact of inverse problems with sparsity constraints in
applications such as geophysics and image processing, e.g., brain and astronomical imaging
[16, 21, 25, 31, 38, 39]. Moreover, it is also worth to stress the strong relations between
iterations as in (1.4) and adaptive schemes for the solution of linear and nonlinear PDE as
proposed in [9, 10, 12, 13, 40].

In this paper we want to study a new acceleration method of the basic iterative thresh-
olding algorithm (1.4) by alternating subspace corrections determined by a suitable decom-
position of the label set A. As we shall discuss in detail in this paper, the benefit from this
approach is twofold:

1. Instead of solving one large problem with many iteration steps, we can solve ap-
proximatively several smaller subproblems, which might lead to an acceleration of
convergence and a reduction of the overall computational effort.

2. The subproblems do not need more sophisticated algorithms, simply reproduce at
smaller dimension the original problem, and they can be solved in parallel.

The paper is organized as follows. In Section 2 we recall the main concepts related to domain
decomposition methods for the solution of linear problems. In Section 3 we borrow these
concepts for the sake of the minimization of the functional 7. We illustrate how to split
the problem into two lower dimensional problems and we propose an associated sequential
algorithm based again on iterative thresholding and alternating subspace corrections. We
prove that the weak accumulation points of the sequence produced by this algorithm are
minimizers of J. We prove also norm convergence in f5(A) of subsequences. In case
of unique minimizer, the whole sequence will be convergent (not only subsequences.) In
Section 4 we modify the algorithm in order to be parallelizable. We prove similar results
as for the sequential algorithm. Section 5 discusses the computational cost of the new
algorithms and compares them with the thresholded Landweber iteration (1.4). In Section
6 we illustrate the extension of the decomposition to more than two subspaces and some
further variations of the proposed algorithms.

2 Domain Decomposition Methods

Domain decomposition methods were introduced as techniques for solving partial differen-
tial equations based on a decomposition of the spatial domain of the problem into several
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Figure 1: An overlapping subdomain decomposition.

subdomains [30, 2, 43, 7, 28, 34, 44, 29, 1, 32]. The initial equation restricted to the sub-
domains defines a sequence of new local problems. The main goal is to solve the initial
equation via the solution of the local problems. This procedure induces a dimension reduc-
tion which is the major responsible of the success of such a method. Indeed, one of the
principal motivations is the formulation of solvers which can be easily parallelized. The
mentioned techniques can often be applied directly to the partial differential equation, but
of course to apply them to the discretizations of the problem is also of major interest. In this
paper we deal with frame discretizations and the domain decomposition method will be ap-
plied on the space of the frame coefficients. Domain decomposition methods, together with
other known iterative methods for symmetric positive definite problems, such as multigrid
methods, Jacobi and Gauss-Seidel iterations, and multilevel nodal basis preconditioners,
can be viewed as subspace correction methods, see [43]. In this paper, two types of domain
decomposition based iterative schemes for a frame discretized inverse problem will be con-
sidered. We discuss a successive subspace correction method (inspired by the so-called
multiplicative Schwarz iteration) as well as a parallel subspace correction method (inspired
by the so-called additive Schwarz iteration).

To introduce the approach we want to develop in this paper, we recall the main ideas
of the most classical and well-known example of domain decomposition method, i.e., the
multiplicative Schwarz alternating algorithm. Consider the second order self-adjoint elliptic
problem

Lu=finQ, wuw=0 on 0. (2.1)

For the moment, let us restrict the discussion to the case of a decomposition of a domain
Q C R? into two overlapping subdomains, i.e., Q = 5 U )y, see Figure 1. Starting with an
initial guess u(?), the multiplicative Schwarz alternating algorithm to solve (2.1) generates

a sequence of approximations u(!), u(? ... by solving the following two local problems:
Lu&kﬂ) = f, in O, Luékﬂ) = f, in o,
ugk—i-l) = u(k)|F1’ on I'y, and ugk-i-l) = ugk—i-l)‘F27 on I'g, (2.2)
u&kﬂ) =0, on O \ Ty, uékﬂ) =0, on 9y \ Ta.



The next iterate ©**t1) is then defined by

(k+1) . -
e B bl 23)
up  (x), ifxeQ\ Q..

By Stampacchia’s Theorem, the variational formulation of (2.2) reads as follows:
Let u® € H}(Q). For k=0,1,... compute

wk+1/2) . — o (k) 4 u§k+1/2)7 where u§k+l/2) satisfies

u§k+1/2) = argmin, .y q)) J(ug, u®))

wktD) = (k+1/2) ugk+1/2), where u§k+1/2) satisfies

ugk+1/2) = arg minweH&(Qz) J (ug, uk+1/2))

with J(v,u) == a(v,v) = ({f,v) — a(u,v)), a(v,u) := (Lv,u), as usual, being the corre-
sponding bilinear form.

Inspired by this variational formulation of the classical Schwartz alternating algorithm,
we propose a minimization of the functional in (1.3) by alternating minimizations of local
problems restricted to suitable subspaces. Similar techniques of alternating minimizations
of functionals with auxiliary variables appear also, e.g., in [6, 11, 24, 26, 27].

3 Domain Decompositions Adapted to Inverse Problems

In this section we introduce a sequential domain decomposition method for the linear inverse
problem with sparsity constraints modelled by (1.3). The goal is to join the simplicity of the
iterative approach (1.4) with a dimension reduction technique provided by a decomposition
which will improve the convergence and the complexity of the algorithm without increasing
the sophistication of the algorithm.

Before starting our discussion let us briefly introduce some of the spaces we will use in
the following. For some countable index set A we denote by ¢, = ¢,(A), 1 < p < oo the
space of real sequences u = (uy)xea with norm

1/p
ull, = llulle, @) = <Z IUAI”> , 1<p<o

A€EA

and ||ul|co := supyena |ua| as usual.

For simplicity, we start by decomposing the “domain” of the sequences A into two disjoint
sets A1, Ay so that A = A{ U Ay. The extension to decompositions into multiple subsets
A=Ay U---UAy follows from an analysis similar to the basic case N' = 2, and we discuss
this issue in Section 6. Associated to a decomposition C = {A1, Ao} we define the extension
operators E; : la(N;) — La(A), (Ev)y = vy, if A € Ay, (Ev)y = 0, otherwise, i = 1,2. The



adjoint operator, which we call the restriction operator, is denoted by R; := E. With these
operators we may define the functional J(u1,u2), J : f2(A1) x €3(A2) — R, given by

J(u1,u9) = J(Fruy + Faus).

For the sequence u; we use the notation u) ; in order to denote its components. In analogy
to the Schwartz multiplicative algorithm, we want to formulate and to analyze the following
algorithm:

n+1 n
% + ; = argm1nvl€g2(1\1) j(vl(’jé)))
Us = arg min,, cg,(4,) T (u""  v9) (3.1)
( )': Eyu gn—i-l) + B, gH_l).
Let us observe that [|Eyur + Eaualle, (a) := llutlle, a) + lluzlle, (a,), hence

arg min j(vl,ug )) =arg min ||(g— TEgugn)) — TEv1|)3, + 7|v1]1.

v1€La (A1) v1€la(A1)
A similar formulation holds for arg min,,cs,(A,) J (ug nt1) ,v2). This means that the solution
of the local problems on A; is of the same kind as the original problem arg min, e, 1) J (u),

(n)

but the dimension for each has been reduced. Unfortunately the functionals J (u, us *) and

J (ugnﬂ),v) do not need to have a unique minimizer. Therefore the formulation as in (3.1)
is not in principle well defined. In the following we will consider a particular choice of the
minimizers and in particular we will implement the algorithm in (1.4) in order to solve each
local problem. This choice leads to the following algorithm:

(n+10) (
1
| 5, (00 i ) ) 101

(n+1 0) ,M

2
{ §n+1 L+1) ST < (n+1.0) | 2 T*((g — TE; u(n—l—l L)) _ TEgug"H’é))) (=0,....,M—1
um ) = BT 4 g,

(3.2)
Of course, for L = M = oo the previous algorithm realizes a particular instance of (3.1).
However, in practice we will never execute an infinite number of inner iterations and there-
fore it is important to analyze the convergence of the algorithm when L, M € N are finite.
Moreover, as we will discuss in Section 5, the computational cost of the whole algorithm
and its convergence rate depends on the choice of L and M. It is not convenient to choose
them too large.

At this point the question is whether algorithm (3.2) really converges to a minimizer of
the original functional 7. This is the scope of the following sections.
3.1 Weak convergence of the sequential DD algorithm

A main tool in the analysis of non-smooth functionals and their minima is the concept
of subdifferential. Recall that for a convex functional F' on some Banach space V its



subdifferential 0F(x) at a point € V with F(z) < oo is defined as the set
OF(z) = {a* e V", 2" (z —2)+ F(z) < F(z) for all z € V'},

where V* denotes the dual space of V. It is obvious from this definition that 0 € 9F () if
and only if z is a minimizer of F'.

Example 1. Let V = ¢1(A) and F(z) := ||z||; is the ; norm. We have
Ol - llh(x) = {€ € loo(A) = Ex € 9] - [(xr), A € A} (3.3)
where 9| - |(z) = {sign(z)} if z # 0 and 9| - |(0) = [-1,1].
It will turn out to be useful to us the auxiliary functional
T (u,a) = |lg — Tullfy + 7lluls + [lu —all3 — |Tu — Tall3 (3.4)
A direct calculation shows
T5(u,a) = [[(a + T*(g — Ta)) — ull3 + |ulls = la+T*(g = Ta)|3 + llgF — ITal3 + llall3.

In the following we assume that ||T|| < 1. This condition can be always achieved by suitable
rescaling of 7" and g. Observe that

lu—all3 = |Tu — Talf3; > Cllu — all3, (3.5)
for C = (1 — ||T'||?) > 0. Hence
I (u) = T (u,u) < T5(u, a), (36)

and
js(u,a) —js(u,u) > CHu—aH%. (3.7)

In particular, J° is strictly convex with respect to u and it has a unique minimizer with
respect to u once a is fixed. By observing that O(||T" - —g||3,)(v) = {2T*(Tu — g)} (see
[26, Lemma 3.2]) and by an application of [20, Proposition 5.2] combined with the example
above, we obtain the following characterizations of the subdifferentials of 7 and J S,

Lemma 3.1. i) The subdifferential of J at u is given by

0F(u) = 2T°(Tu—g)+ 79| - [1(u)
= {f€loo(A): 6 € 2T7(Tu — g)la + 70| - [(un)}-

ii) The subdifferential of J° with respect to the sole component w is given by

0T (u,a) = —2(a+T*(g—Ta))+2u+ 70| - ||1(u)
= {feloo(A): 6x € [2(a+T(g = Ta))|x + 2ux + 70| - |(ur)}-



Since S;(z) is the unique solution of the subdifferential inclusion 0 € 2(u—z)+79||-||1 (u),
see for instance [26] and [14, Proposition 2.1}, from Lemma 3.1 ii) we obtain immediately

arg min J°(u,a) = S;(a +T*(g — Ta)).
uEZQ(A)

In light of this result we can reformulate the algorithm in (3.2) by
n+1,0 n,L
( ) _ ug )

§+1’“1) (=0,...,.L—1

argmin,, cg,(n,) I (Brun + Eaug™ | a0 4 Byuf™)
n+1 0) u(n7M)
3

(
(

u(""‘ ) .— Elugn—H’L) + By (n+1 M)

(3.8)
Before we actually start proving the weak convergence of the algorithm in (3.8) we recall
the following definition [37].

Definition 1. Let V be a topological space and A = (A,)nen & sequence of subsets of V.
The subset A C V is called the limit of the sequence A, and we write A = lim,, A,,, if

A={a €V :3a, € A,,a =lima,}.

The following observation will be useful for us, see, e.g., [37, Proposition 8.7].

Lemma 3.2. Assume that T is a convex function on RM and (z,)nen € RM a convergent
sequence with limit x such that I'(zy,),['(z) < co. Then the subdifferentials satisfy

lim OT'(x,) C OT'(z).

n—oo

In other words, the subdifferential OU of a convex function is an outer semicontinuous set-
valued function.

Theorem 3.3 (Weak convergence). The algorithm in (3.8) produces a sequence (ul™),en
in Lo(N) whose weak accumulation points are minimizers of the functional J. In particular,
the set of the weak accumulation points is non-empty and if u(*) is a weak accumulation
point then

u®) =S, (u®) + T (g — Tul>)).

Proof. Let us first observe that by (3.6)

Ty = 75w, ) = T E 4 By By + Byug)
_ jS(Elugn,L) +E2u§n,M)’E gn-l-l ,0) +E2u§n,M))

(n+1,1)

By definition of u; and its minimal properties we have

T (B + Byud™ ™ Bl + Byul™M) > 75 (Bl 4 By | B0 4 By M),

LD _ arg Ml e p,(0y) T (E1u U 4 Byug, Byl 4 EpudY) r=0,.. M 1



Again, an application of (3.6) gives
T8 (B 4 Byud™) | Bl L By M) > 78 (Bl 4 Boull M) vl 4 Byul§M)
Putting in line these inequalities we obtain
J(@™) > 75 (B + Byl B 4 ByufM).
In particular, from (3.7) we have

j(u(")) B jS(Elugn-I—l,l) +E2u§n,M)7E1u§n+l,l) +E2uén,M)) > CHugn-I—l,l) . UYH—LO)HZ(AQ‘

By induction we obtain

j(u(")) > jS(Elugn—l—l,l) + E,2u§n,M)’E,1 (n+1,1) + E2u(n,M)) > .
> jS(Elugn-l—l,L) +E2U§H’M),E1u(n+l L) + Eyu (n M))7
and
L—-1
j(u(n))—jS(Elugn—i_l’L)—’—EQUémM), Elu(n-‘rl L)+E u(n M)) > C Z HUYH—I,E-i-l) (n-l—l £) ”52 Aa)-
(=0
(n+1,1)

By definition of uy and its minimal properties we have

jS(Elugn-l—l,L) +E2u§n,M)7E1u(n+l L) + Eyu (n M))
> jS(Elugn—l—l,L) + By (n+1 1)’E1u(n+1 L) + B, (n—l—l,O))'

By similar arguments as above we find
j( ) > jS(E u(n-i—l L) + Byu (n+1 M),E (n+1,L) + By (n—l—l,M)) _ j(u("+1)), (39)

and

L1 M-1
j(u("))—j(u(""‘l)) >C <Z Hugnﬂ’Hl) . u(n+1£ ”Z2 A2 + Z ”ugn+l,m+l) . u§n+l,m)H?2(A2)> .
=0 m=0

(3.10)
From (3.9) we have J(u®) > J(u™) > THu(")Hgl(A) > T”u(n)”gz(/\). This means that
(u™) ey is uniformly bounded in £5(A), hence there exists a weakly convergent subsequence
(u(m)) jen- Let us denote u(®) the weak limit of the subsequence. For simplicity, we rename
such subsequence by (1), cy. Moreover, since the sequence (7 (u(™)),en is monotonically
decreasing and bounded from below by 0, it is also convergent. From (3.10) and the latter
convergence we deduce

L-1 M-
+1,041) +1,0) (n+1,m+1) +1,m) 2

(ZW " + Z g ’”)liezmz))”’ e

= m=0

(3.11)

10



In particular, by the standard inequality (a? + b%) > 4 (a +b)? for a,b > 0 and the triangle
inequality, we have also

Hu(n) _ U(n+1)||z2(A) — 0, n— oco. (3.12)
We would like now to show that

0e lim 87 (u™) c a7 (ul>).

n—oo
To this end, and in light of Lemma 3.1, we reason componentwise. By definition of u&nH’L)
we have

0 € [-20u™ D 4 RyT* (g~ TEyul™™) ~ TEw{™ M 0))]s 4 2070 r0] (),

(3.13)

(n+1,M)

and by definition of u, we have

0 € [~2(uy M V4 Ry T (g~ T Erul™ )~ T By ™ MDYy 2u M ra) (a1,
(3.14)

Let us compute 9.7 (u"+1)j,
0T (V) = [-2T*(g — TEw{"*"" — TEu{ M)y 4 70] - |, (3.15)

where A € A; and K = L, M for i = 1,2 respectively. We would like to find a § (nt+1)
OJ (1), such that é(nH — 0 for n — oco. By (3.13) we have that for A € A;

for a § (ntl) ¢ d| - \(ug:lfl’L)), and, by (3.14), for A € Ay

for a 5 (1) ¢ a - |(uy (n+1 M)) Thus by subtracting zero from (3.15) as represented by the
prev1ous two formulas we can choose

e = 20l ) R T T B (0 T O R T T By (u M M),

if A € A; and

&Y = 20y D) (R T (u Y Y

Ay

if A € Ag. For both these choices, from (3.11) and (3.12) we have §§"+1) — 0 for n — oo.
By continuity of T, weak convergence of u(™) (which implies componentwise convergence),
and Lemma 3.2 we obtain

0 € lim 07u™)y c 0T (™), VA€ A.

n—oo

11



It follows from Lemma 3.1 that 0 € 97 (u(*®). By the properties of the subdifferential we
have that u(°) is a minimizer of J. Of course, the reasoning above hold for any weak
convergent subsequence and therefore all weak accumulation points of the original sequence
(u(™),, are minimizers of J.

Similarly, by taking now the limit for n — oo in (3.13) and (3.14), and by using (3.11)
we obtain

0 € [<2(R1u™ + RiT*((g — TERyu™)) — TE, Ryu®))]y + 20> + 70 - | (™),
for A € A1 and
0 € [~2(Rou®) + RyT*((g — TE Ryul™) — TEyRyu®)] + 2ul™ + 70| - |(u).
for A € Ay. In other words, we have
0 € 8, T° (u>), u>)),
An application of Lemma 3.1 and [14, Proposition 2.1] imply

u®) =S, (u® +T*(g — Tul>)).

REMARKS:

1. Because u(®) =S, (u(*) 4+ T*(g — Tu(>))), we could infer the minimality of u(>) by
invoking [14, Proposition 3.10]. In the previous proof we wanted to present an alternative
argument based on differential inclusions.

2. Since (u™),ey is bounded and (3.11) holds, also (u?’é)n,g are bounded for i = 1,2.

3.2 Strong convergence of the sequential DD algorithm

In this section we want to show that the convergence of a subsequence (u"); to any ac-
cumulation point «(°) holds not only in the weak topology, but also in the Hilbert space
l5(A) norm. Let us define

PO u§n+1,L) B ugoo)7 2 u§n+1,L—1) B ugoo)7
e ugn—l—l,M) _ ugoo)7 u(n+1/2) ugn+1,M—1) _ ugoo),

(c0)

where u; = R,-u(oo). From Theorem 3.3 we also have

u™ =8, (ul™ + RT*(g - TEw™ — TEuS?), i=1.2.

(3

:=h;
Let us also denote h = E1hy + Eqho and 5(") = Eln("+1/2) + Egu("+1/2).

For the proof of strong convergence we need the following technical lemmas.
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Lemma 3.4 (Lemma 2.2 [14]). The operator S; is non-expansive, i.e., ||Sr(u)
lu = o2

Lemma 3.5. ||T¢™|2, — 0 for n — occ.

Proof. Since

n(n—l—l) o 77(”+1/2) _ ST(h‘l + (I o RlT*TEl)ﬁ(n+1/2) . RlT*TEg,u(")) o ST(h‘l) —n
—p"TY2 = S (hy + (I — RyT*TEy) "2 — RyT*TEyn™ 1)) — S,(hy) —

M(n—i—l)

+1,L +1,L-1)
and |0 — /2|, o= R g
lu n+lM)_ (n+1,M—1)
2 2

||52(A1 — 0, H
lles(A9) — O by (3.11), we have

(D) (n1/2)

—S; (V)2 <

(n+1/2)
(n+1/2)

lea(ar) =

IS7(hy + (I = RiT*TE )2 — Ry T*T By ™) — Sr(ha) — /2|4, (3.16)

> IS+ (0 + (I = BT TE YD — BT TEyp™) = S (h)lleyay) = 10 a0,

and

IS+ (ha + (I — RoT*TE)pt" /2 — RyT*T Eyn™ 1)) — S, (hg) — pl" /2, x(3.17)

> |[ISr(he + (I — ReT*TEa)p"™/?) — RyT*TE ™) —S:(ha)ll e (a0) — 112 [lya0)| —

By non-expansivity of S; we have the estimates

IS7(ha + (I = RyT*T Ep)pl" /2 — RyT*TE1n™+V)) — S1(ha)ley(a0)

I(I = RyT*T Ey) /2 — RyT*T Eyn™ ]|y, )

(T = RyT* T Ep) " /2 — RyT* T Eyn™ V2|, ) + | RT*TEy (/)

IN

IN

_77

) [l (As) -

::5(")
Similarly, we have

IS¢ (h1 + (I = RyT*TE )™ 2 — RT*TEyp™) — S (h)llgy(ay)
(T = RiT*TE)p" 2 — Ry T*TEop™ gy,

IA

IN

(I = RiT*TE )" — RyT* T Eop ™2 |y ayy + [|RAT* T Ey(u" /2 —

1) leaan)

5(n)
Moreover, combining the previous inequalities, we obtain also
IS+ (k1 + (I — RlT*TEl)n("+1/2) — RlT*TEQ,u(”) _ ST(hl)HZ(Al)
S (h + (I = RaT T Ep)u" 1D — RyT TEy ") = 8- (ha) 7,1,
H(I — RlT*TEl)/j,(n+1/2) _ RIT*TEQM(TL)|’?2(A1) + H(I _ RzT*TE2)Iu(TL+1/2)
€2, 0y + ()2 + (60)2 4+ C" (™) + 5M)).

IN IN +

13
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The constant ¢’ > 0 is due to the boundedness of u(™?). Certainly, by (3.11), for every
€ > 0 there exists ng such that for n > ng we have (&?(”))2 + ((5("))2 + C’(E(”) + 5(”))) <e.
Therefore, if

I1S+(hy + (I = Ry T* T B )™ /2 — RyT*T Eop™ — S7(h)lI7,a,)
t+ [8e(ha + (I = ReT* T Ep)u ™/ — RyT*TEn ™V — S¢(h) |2, 2 1€ 17, a)-

then

o
IA

(I = RiT* TE )" = RiT*TEap ™|, 4

+ ||(I = ReT*TEo) "2 — RyT*TEin ™ V|7 ) = 1€ 17, 0

< (™) 4 (M) 4 O™ 4 6M)) < e
If, instead, we have

IS-(h1 + (I = RaT*TE )"/ — Ry T*T Eyp™) — S-(h1) 17,4,
+ |Sr(he + (I = RyT* T Ep)pu" /2 — RyT* T Eyn™tY) — Sr(ha)ll7,(a9) < ||§(n)||?2(/\),

then by (3.16) and (3.17)
I€ M — (10 = RTTE) D - T TEu™)|2, 4,

+ ||(I = RoT*T Eo)p"+1/2) — RzT*TEm("H))H?Z(M))

< IE™NG, ) = IS-(h1 + (I = RAT*TE)n "2 — Ry T* T Eypt™) — Sr.(h)|17, a1
_ HST(h2 + (I _ RQT*TE2)M(n+1/2) _ R2T*TE177(7L+1)) — ST(hQ)H?Q(Ag)
= [IE™Z,a) = IIS+(h1 + (I = ByT*TE ™2 — RyT*TEyp™) — S, (ha)I7, 4
‘ 2(A) 2(A1)
_ ||S7—(h2 + (I _ RQT*TE2)M(n+1/2) _ R2T*TE177(TL+1)) _ ST(hQ)H?Q(Ag)
< ‘H??("H/m 17,00 = IS7(ln + (I = RiT*TE ™2 — Ry T*TEop™) = S,(h)|7, 4,

+ ‘HM("H/Q)H?Z(AQ) — [ISr(h2 + (I = ReT*TEy) ™ 1/2) — RyT*TEx ") — S7(ho)l[7,n,)| < €

for n large enough. This implies

lim {”g(n)”i([x) _ (H(I . RlT*TEl)M(n+1/2) _ RlT*TE2M(n)H32(A1)

n—~o0

+ (0 = R TE) Y — Ry T V|, )] = 0
Observe now that
(I = RAT*TE) ") — Ri\T*TEop™ |7, s,y + (I = ReT* T E) ™1/ — RyT*TEn™ V|2,
(I = RyT*TE ) ™2 — RiT* T Epp ™|, ) + 62
+ (I = ReT*TE)u™ /2 — RyT*TEin ™/ |y n,) + €™)?
KL= T+ (O 5 (65 20 45

IN

IA
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for a suitable constant C’ > 0 as above. Therefore we have

12,0y — (H(I — RiT*TE)u"™ ) — Ri\T*TEyu ™)}, a,

+

I = ReT* TEy)u"t2) — RyT T By ) 2, )

> [l€™7, 0y = 1T = T*T)EMZ, () — ((5("))2 +(6™)? 420" (e™ + 5("))>
= 2T — | T TEM 0 = ()2 + (62 + 20" (™ 4 5))
> TEM |, = (™) + (6™)2 + 207 (™ + 5))

This implies [|7¢(™||2, — 0 for n — oc.
[ |

Lemma 3.6. For h = E1hy + Eshs, ||S;(h+ 5(”)) —Sq(h) + 5(n)|’Z2(A) 0, forn — .
Proof. We have
Sy (h + €™ —T*1e™)
= E <Sr(h1 + (I - RlT*TEl)n(”+1/2) — R1T*TE2,LL("+1/2)))
+ B (Sr(h2 + (I = RyT* T Ep)p "1/ — RQT*TEW("H/?)))
Therefore, we can write
Sy (h + €™ —T*Te™)
= I [Sf(hl + (I = RyT*TE)n™ Y2 — Ry T*T Eyu™)
+ Si(hy + (I — RyT*TE )" — RyT* T Eopv1/2))
— Se(hy+ (I — R\T*TE)n"Y2) — R T*TE, u("’)]
Ey [ST(hz + (I = RT*TEy) "t/ — RyT*TEyn("+Y)
Sr(ho + (I — ReT* T Eo)u" /2 — RyT*T By 1/2))
— Sp(ha + (I — ReT* T Ey)plm /) — R2T*TE177("+1))} )

By using the non-expansivity of S;, the boundedness of the operators E;, R;, T*T, and the
triangle inequality we obtain,

187 (h + €M) = S-(h) + €™,
C' (IS+(h+ € = T*TE™) = 8,(h) + €™, a) + I8+ (h + €)= S (b + €7 — T TEM|2, )

IN

IN

C" [ I1S+(h1 + (I = RiT*TE )"/ — RyT* T Eop™) — S (hy) — ™2 |17 s

15



+ ISe(ha + (I = RyT* TE)u™Y? — RyT*TE ™) = S, (hg) — p /22 )

::B(n)
+ ‘|/L(n+l/2) _ M(n)HZ(AZ) + ||77(n) _ 77(”+1/2)||?2(A1) + C”/H/L(H-HQ) _ M(n)||?2(A2)H,’7(n) _ n(n+1/2)‘|g2(A1)

+ T TEMZ, 0 |
—_————
::D(")

the constant C” > 0 due to the boundedness of (™% . The quantities A, B™ vanish for
n — oo because of (3.16) and (3.17). The quantity C™ vanishes for n — oo because of
(3.11), and D™ vanishes n — oo thanks to Lemma 3.5. |

Lemma 3.7 (Lemma 3.18 [14]). If for some a € fl3(A) and some sequence (£M™),en,
w-limy, oo £ = 0 and lim,, o ||ST(‘1+£(H))_ST(@)_£(N) ||€2(A) = 0, then limg, .o Hf(n) ||€2(A) -
0.

By combining the previous technical achievements, we can now state the strong conver-
gence.

Theorem 3.8 (Strong convergence). The algorithm in (3.8) produces a sequence (u™),en
in la(A) whose strong accumulation points are minimizers of the functional J. In particular,
the set of strong accumulation points is non-empty.

Proof. Let u(®) be a weak accumulation point and let (u(”f’ )) jen be a subsequence weakly
convergent to u(°). Let us denote the latter sequence (u("))neN again. With the notation
used in this section, by Theorem 3.3 and (3.11) we have that M = By t1/2) 4 gy (nt1/2)
weakly converges to zero. By Lemma 3.6 we have lim,, oo ||S; (h+£M) =S, (h)—£™ llea(r) =
0. From Lemma 3.7 we conclude that ¢ = Eyn(t1/2) £ Ey,(n+1/2) converges to zero
strongly. Again by (3.11) we have that (u(™),cn converges to u(>) strongly. [ |

4 A Parallel Domain Decomposition Method

The most natural modification to (3.2) in order to obtain a parallelizable algorithm is to
substitute the term u(™+1HL) with Ryu(™ in the second inner iterations. This makes the
inner iterations on A; and As mutually independent, hence executable by two processors at
the same time. We obtain the following algorithm:

u§n+1,0) = Rju™
{ u{tthe) — g (ug"“’“ + Ry T*((g — TE2Ryu™) — TElug"“*f))) 0=0,....L—1
u;nﬂ’o) = Rou™
{ WD — g (ug@% + RoT*((g — TEy Riu™) — TEgugnﬂ’f))) 0=0,...,M—1
utl) = Elugnﬂ’L) + EgugnJrl’M).

16



The behavior of this algorithm is somehow bizzare. Indeed, the algorithm usually alternates
between the two subsequences given by u(?") and its consecutive iteration w(2"*1). These
two sequences are complementary, in the sense that they encode independent patterns of
the solution. During the iterations the two subsequences slowly approach to each other,
merging the complementary features and shaping the final limit which usually coincides with
the wanted minimal solution, see Fig. 2. Unfortunately, this “oscillatory behavior” makes
impossible to prove monotonicity of the sequence (7 (u(™)),en and we have no proof of
convergence. However, since the subsequences are early indicating different features of the

3.5
2 3 ) 3
1.5 2.3 3
o.g 0 5 0.5
10 20 30 4 O—5""20 302 10 20 30 4

Figure 2: On the left we show (" in the center «(?"*1  and on the right u(°). The two
consecutive iterations contains different features which will appear in the solution.

final limit, we may modify the algorithm by substituting w("*% := Elugnﬂ’L) + EgugnJrl’M)

(n+1,L) (n+1,M) (n)
. (n+1) . (Elul +E2u2 )+u
with u = 5

the previous one:

that is the average of the current iteration and

u§"+1’0) = Ryu™

{ u{rthe) — g (ug"“") + Ry T*((g — TE2Ryu™) — TElug"“*f))) 0=0,....L—1
ugnﬂ’o) = Rou(™

{ WD — g (ug@%@ + RoT*((g — TEY Ryu™) — TEgugnﬂ’f))) 0=0,...,M—1

(D) o Erug™ T ) )
= g :

(4.2)
In the following we provide the convergence proof for the iterations in (4.2).

4.1 Weak convergence of the parallel DD algorithm

Theorem 4.1 (Weak convergence). The algorithm in (4.2) produces a sequence (ul™),en
in lo(A) whose weak accumulation points are minimizers of the functional J. In particular,
the set of the weak accumulation points is non-empty and if u(*) is a weak accumulation

point then
u®) =S, (u®) +T*(g — Tul>®)).

Proof. By following the arguments in the proof of Theorem 3.3 we find

L-1
j(u(n)) o j(Elug’n-i-l,L) + EQRQU(H)) 2 C Z Hugn-l-l,g-i-l) _ ugTH-LZ)HgQ(Al)'
£=0
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and

M-
j(u(n)) - j(E1R1u(") + E2Ugn+17M Z n+1 -y u§n+1,z) H?z(/\z)'
£=0

By adding and halving the previous inequalities we obtain

1 . n
T (™) - 5 (j(Elu( LD L By Rou™) + J(B Ryu™ + Byt M)))

C L—-1 ; 0 M—1 ' 0
+1,0+1 +1, +1,0+1 +1,
5 (Z g™ = Oy D e H@(Az)
=0

(=0
By convexity we have

9 (n+1,L) (n+1,M) (n) 2
Tu*+) g — |7 (Eruy + Eou, )+ u .y
H

2

H
1 1
< §‘|T(E1u(n+1,L) + Eszu(n)) _ 9||31 + §\|T(E1R1u(") + E2u(n+1,M)) _ 9||%1-

Moreover, by the triangle inequality we have

1 n 3 n ) n
[ iy < 5 (B + B )y ) + 1l )

1 n+1,L n M)
= 5 (1™ 4 B Ryu) o, a) + 1By Rau™ + Bl ™0, )

By the last two inequalities we immediately show

1 n n
Ty < 2 (j(Elu( LD 4 By Ryu™) + T (BrRiu™ + Eoul +1’M>)) ,

hence

M-1
n n n+1,0+1) n+1,0) n+1,0+1 n+1,4
T (™)~ () 5<Zu B e AN D [ S >|132<A2)>.

(=0

(4.3)
We have J(u®) > 7 (u™) > T”U(n)Hgl(A) > THu(")ng(A). This means that (u(™),ey is
uniformly bounded in £5(A), hence there exists a weakly convergent subsequence (u(")) jEN-
Let us denote u(>) the weak limit of the subsequence. For simplicity, we rename such
subsequence by (u(™),cn. Moreover, since the sequence (J(u(™))nen is monotonically
decreasing and bounded from below by 0, it is also convergent. From (4.3) and the latter
convergence we deduce

Q

L-1 M—

(n+1,0+1) (n+1,0) n—l—l m+1) (n+1,m) 12 0
E [[uy — U ||e2(A1 E - Ug ||42(A2) — U, n—oo.
/=0 m=0

(4.4)
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In particular, by the standard inequality (a? + b%) > 4 (a +b)? for a,b > 0 and the triangle
inequality, we have also

L1 L1 2
1,041 1,02 1,041 Iy,

> " )l )||42(A1) > " <Z " ) )||52(A1)>

=0 =0

> C"||Byuthh) — ElRlu(n)”?z(A)
= OB 4 By Ryu™ — 2E1R1u(")HZ(A)'

Analogously we have
M—1 , ,
> D )||?2(A2) > C"| Byl + By Rou™ — 2B Roul™ |7, ).
=0

By denoting C” = $C" we obtain

L—-1 M—-1

c (n+1,6+1) _ (n+1,6) 12 (n+L6+1) _ (k10 19

5 (Z [ —ug" ”zz(Al) + Z [ —uy ”zz(Ag)
=0 (=0

CC///
4
> CC"|ulmtY) — U(H)HZ(A)'

Y

| Eyu L) 4 oy (M) gy (m) QU(H)”?Z(A)

Therefore, we finally have
Hu(”) — u(”+1)|]32(A) — 0, n— oo. (4.5)

(n+1,L)
1

By definition of u we have

0€ (20" TV R T (g~ TEs Roul™) =T By )L 2ul 0 0] ),

(4.6)
and by definition of ugnH’M) we have
0 € [~2(uf M V4 RyT* (9~ T By Ryu™) T Eyud ™M V) a2l ) 7| (u{M).
(4.7)

Similarly to the argument used in the proof of Theorem 3.3, by taking now the limit for
n — oo in (4.6) and (4.7), and by using (4.4) we obtain

0 € [<2(R1u™ + RiT*((g — TERyu™)) — TE, Ryu®))]y + 20 + 70| - | (),
for A € A and
0 € [~2(Roul® + RyT*((g — TEy Ryu™) — TEyRyu )]y + 2ul™ + 70| - |(u{™).
for A € Ay. In other words, we have
0 € 0,7 (ul™),u>)),
An application of Lemma 3.1 and [14, Proposition 2.1] implies that
u®) =S, (u>®) + T (g — Tu>)).

We conclude the minimality of u(>) by an application of [14, Proposition 3.10]. |
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4.2 Strong convergence of the parallel DD algorithm

By using the same notations as in Subsection 3.2, we can prove the convergence of the
parallel domain decomposition algorithm (4.2).

Theorem 4.2 (Strong convergence). The algorithm in (4.2) produces a sequence (u(™),en
in lo(A) whose strong accumulation points are minimizers of the functional J . In particular,
the set of strong accumulation points is non-empty.

Proof. Let u(®) be a weak accumulation point and let (u(”f’ )) jen be a subsequence weakly
convergent to u(>). Let us denote the latter sequence (u("))neN again. By Theorem 4.1 and
(4.4) we have that ) = Bin(n+1/2) L By 1 (n+1/2) weakly converges to zero. By substituting
the use of (3.11) with the one of (4.4) whenever relevant and by substituting 7"+ with
7™ in the proofs, one easily verifies that both Lemma 3.5 and Lemma 3.6 hold again. In
particular, we have lim, o [|S;(h 4+ ™) — S, (h) — 5(")HZ2(A) = 0. From Lemma 3.7 we
conclude that £ = En("+1/2) 4 Eyu("+1/2) converges to zero strongly. Again by (4.4) we
have that (u(™),en converges to u(>) strongly. [ |

REMARK: If J has a unique minimizer then necessarily the whole sequences (u(™),cxn
produced both by (3.2) and (4.2) converge in norm to it (and not only a subsequence.)
Unfortunately, we could not prove the uniqueness of the accumulation point without this
assumption, although numerical experiments support the conjecture that

1. the accumulation point is indeed unique;
2. it coincides with the same limit of the thresholded Landweber iterations.

A similar analysis can be provided for the minimization of J.(u) = |lg — Tu|3, + 7|lul1 +
g|lul|? via domain decompositions. In this case we have to consider in front of all the thresh-
olding operations an additional scalar factor ——, giving, e.g., for the sequential algorithm,

THe
the following iterations
ugn-l-l,O) _ ugn,L)
{ u Y = s, (ug"“”) + Ry T*((g — TEyu{™™)) — TElug"“’é))) 0=0,...,L—1
ugn-‘rl,O) _ ugn,M)
{ ugTY = Ls (" 4 RyT (g - TEwW{™™Y) - TEgug’L“’f))) 0=0,...,M—1
u(n+1) — Eluln-l-l,L) + E2u§n+l,M).

(4.8)
In this case, the functional 7; is strictly convex, hence it has always a unique minimizer.
Therefore, the whole sequences (u("))neN produced, e.g., by (4.8) will converge to its mini-
mizer.

5 On the Computational Cost

Let us assume that #A = N < oo and that #A; = N/2. For simplicity we assume that
the matrix representing the operator T is full, so that the matrix-vector multiplication by
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20 40 60 80 100

Figure 3: We assume K = R4 and H = R!%, T is a 40 x 10 random matrix with ||T]| < 1,
and g € R'Y is a random vector. We fix the regularization parameter 7 = 0.1. The figure
shows the normalized frequency for multiple random trials of the percentage ratio between
the number of operations required by the sequential domain decomposition method (3.2) in
order to achieve an accuracy of 1071° and the one required by the thresholded Landweber
iteration (1.4). Here we have fixed L = M = 8. This experiment confirms that in most of
the cases (i.e., with high probability) the computational cost due to (3.2) is half the one of
(1.4).

the matrix T*T costs O(N?) algebraic operations. The computational cost of the origi-
nal algorithm (1.4) is therefore O(N? x nmax), where nmax is the number of iterations
to achieve the desired accuracy. Here we have neglected the cost of S, which in practice
can be executed very rapidly (compared to the matrix-vector multiplication.) Let us now
estimate the cost due to (3.2). For each outer iteration (indicated by the label n) we ex-
ecute L + M inner iterations (indicated by the label £.) For each inner iteration we have
to execute O (%)2 operations (due to the matrix-vector multiplications with halved dimen-
sion.) Therefore the total cost is given by O((L + M) X NTQ X Mmax), where mmax is
the number of outer iterations to achieve the desired accuracy. In practice, we can verify
experimentally (on random matrices T') that one can choose the parameters L, M, mmax

so that (L+M)meax ~ ™AX in order to achieve the same accuracy, see Figure 3. This
means that by decomposing the problem as in (3.2) we can halve the computational cost.
Note also that this operation does not imply any significant increasing of the complexity
of the implementation. In particular, no parallelization is yet required. Indeed, algorithm
(3.2) is fully sequential, i.e., it is implementable by a single processor.

We illustrate the characteristic dynamics of the thresholded Landweber iteration in
Fig. 4 (on the top-left) by plotting the trajectory of the iterations (||u(™||1, ||Tu™ — g||+):
Indeed, while the algorithm initially converges relatively fast, then it overshoots the limit
value of |[u(™||; and takes very long to re-correct back. We have to imagine that, starting
from u(®) = 0, the algorithm generate a path {u(™},cy which is initially fully contained
in the ¢1-ball Bp := {u € fo(A) : |lull; < R}, with R := ||Jul®)(7)||;. Then it gets out of
the ball to come back to it only at the limit, typically on a vertex or on an edge of the
ball (which correspond with regions where several components are indeed zero.) It is this
“tail” which requires most of the computational cost. A similar dynamics is realized by the
sequential domain decomposition method, but it is visible that the subspace corrections due
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q
8

0. 0.
0.7 0.
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0.18™
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Figure 4: Dynamics of the iterations (||u(™]|1, |Tu(™ — g||3) of the thresholded Landweber
iterations (on the left) and of the sequential domain decomposition algorithm (on the right).
On the bottom row we compare the final iterations (“the tail”.)

to the inner iterations are indeed accelerating the convergence. Such acceleration becomes
very relevant on the “tail”, where the thresholded Landweber iteration is very slow, so
that much fewer steps are needed to get to convergence. This acceleration compensates the
effort due to few lower dimensional subspace corrections. This will not be true anymore for
L and M too large and the trade-off between acceleration and computational cost has to
be considered. Indeed, this is a rather common issue in domain decomposition methods.
A theoretical a priori estimation of this trade-off is far from being achieved and a very
interesting open problem.

6 Variations on a Theme

In this section we make explicit the generalization of the subspace correction algorithms
to multiple decompositions. We split now the index set A into multiple disjoint sets
Ay, Ag, ... Ay so that A = U, A,

Associated to a decomposition C = {A1,As,... Ay} we define the extension operators
E; : lo(A;) — La(N), (Ew)y = vy, if XA € Ay, (Ejv)y\ = 0, otherwise, i = 1,2,...,N. Again
we denote R; the adjoint of F;. For a sequence of natural numbers Ly, ..., Ly we define
the sequential iterations
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1,0 L
u§n+ ):ugn )

0=0,...,L; —1

UEGH,O) — )

uﬁ\?+1,e+1) =S, (U(Nnﬂx) + RyT*((g ZN 1TE (n-‘rlL)) TEy (n+1 e))>

£=0,....,Ly—1
u(n+1) — Z,Z/\il Eiul('n—i-l,Li).

(6.1)

The analysis of this algorithm follows from a straightforward generalization of the case

N = 2 and the proofs are essentially identical. For the parallel version again we have to

take into account a suitable average of two consecutive iterations together with the number
N of patches. We obtain the following parallel algorithm

( (n+1 0) (n Ly)
(n+1 f-i-l ( n+1 Z + RlT*((g o z.;\iz TEZRZU(TL)) o TElugn-i-l,f)))
£=0,...,L1 —

u(n—i—l,(]) _ u(n,LN-)

N
uf(;"rl,é-i—l) — ST (u(n-i-l Z) + R T*((g _ Zi\izl TEZRZu(n)) TE (n+1 Z)))
£=0,....,Ly—1
n ZN BT L (v 1)u)
w( D) v )

(6.2)
With this modification the proof of convergence again follows from the approach considered
for the case N = 2.
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