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Abstract. An introduction is given in this paper fo the basic idea and the convergence theory of
multigrid methods. Brief discussions are first given to some basic properties of some elementary linear
iterative methods such as Jacobi and Gauss-Seidel iterations and preconditioned conjugate gradient
methods, and then more detailed discussions are given to a general framework of subspace correction
method that can be applied to, among many other things, multigrid methods. A framework of
auxiliary space method is also briefly presented for the construction of preconditioners, The multigrid
method is introduced with a model elliptic boundary value problem of second order, Convergence
estimates are obtained for basic multigrid methods such as backslash (\} cycle, V-cycle and W-
cycle. Two different approaches are used in the convergence analysis., The first approach is the
more traditional one that makes crucial use of elliptic regularity, while the second approach is based
on the subspace correction framework that very weakly depends on the elliptic regularity. The
first approach gives more precise estimates for simpler problems, while the second approach can be
applied to more complex problems such as locally refined meshes and interface problems with large
discontinucus jumps. As some more advanced topics, a general framework is briefly described on
multigrid methods for nonnested multilevel subspaces and varying bilinear forms, and an optimal
mmltigrid peconditioning technique is given for general unstructured grids using the auxiliary space
framework. In addition to the aforementioned theoretical analysis, some discussions are also given
to the implementation of some basic multigrid algorithms.
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1. Introduction. Multigrid methods are among the most efficient modern tech-
niques for solving large scale algebraic systems arising from the discretization of partial
differential equations. In this paper, we shall give a introduction to these methods
and their convergence properties by considering their applications to a model elliptic
boundary value problem of second order.

Multigrid methods have been most efficiently used in solving the linear algebraic
system arising from the finite element discretizations of partial differential equations.
The theory of the methods is an elegant combination of linear algebra, theory of finite
element approximation and of partial differential equations. In this paper, we shall
explore all these three aspects of the multigrid theory. We shall devote § 2, § 3 and
§ 4 to the technical materials for the theory of multigrid methods.

§ 2 is on the basic linear iterative methods and preconditioning concepts. Many
elementary iterative methods, such as Jacobi and Gauss-Seidel iterations, are often
the major components in a multigrid procedure, and also a multigrid method is often
used in conjunction with a preconditioned conjugate gradient method. Therefore the
materials in § 2 are fundamental to our multigrid algorithms and theory.

§ 3 is on an algebraic framework of subspace correction method (following Xu [32])
that can be in general used for construction and analysis of linear iterative methods.
This framework will be a main technical tool in the analysis of multigrid methods in
g B.

The most technical materials in this paper are perhaps those in §4 for finite ele-
ment approximation theory. In this section, some basic materials in finite elements are
reviewed and some approximation results concerning multiple level of finite element
spaces are presented. Some of these results depend crucially on the regularity theory
for elliptic boundary value problems.

The core of this paper is §5 in which many major multigrid algorithms are intro-
duced and analyzed. An attempt is made to explain the basic ideas behind multigrid
methods and also to describe the implementation issues. But the major concern here
is to present the multigrid convergence theory. The multigrid methods are analyzed
with two different approaches. The first approach is the more traditional one which
makes a crucial use of regularity theory of partial differential equations. The second
approach is the subspace correction framework in §3.

The multigrid algorithms and their convergence analysis presented in §5 are only
for the case that the underlying muliilevel spaces are nested in the sense that the
coarse spaces are subspaces of finer spaces. To give readers an idea on how multigrid
methods can be applied to more complicated situations, we devote §6 to a general
framework of nonnested multigrid methods which can be applied to cases like unstruc-
tured grids and nonconforming elements, and §7 to a special technical for construction
optimal multigrid preconditioning technique for unstrutured grid using the framework
of auxiliary space method.

Multigrid methods have been extensively studied in a vast literature by researchers
in many different areas, a short article like this can only give a glimpse of small part
of the whole subject. For further details, we refer to the tutorial book Briggs [15}, re-
search monographes Hackbusch {21, 22], McCormick [24], Wesseling [30], Bramble [5], -
review articles Xu {32) and Yserentant [37].

For convenience, following [32], the symbols <,2 and = will be used in this

~ )
paper. That z; < y1,23 2 y» and x3 = y3, mean that 1 < Ciy1, 22 > c2ya and
ez < ya < Cszs for some constants Cy, cq, c3 and C3 that are independent of mesh

parameters.



2. Tterative and Preconditioning Methods. Assume V is a finite dimen-
sional vector space. The goal of this section is to study iterative methods and pre-
conditioning techniques for solving the following kind of equation:

(2.1) Au=f.

Here A :V — V is an SPD linear operator over V and f € V is given.

2-a. Elementary linear iterative methods. A single step linear iterative
method which uses an old approximation, u®?, of the solution u of (2.1), to pro-
duce a new approximation, u™*", usually consists of three steps:

1. Form ro'¢ = f — Au®';

2. Solve Ae = r°" approximately: é = Bro;

3. Update u"®¥ = u° 4 ¢,
where B is a linear operator on V and can be thought of as an approximate inverse
of A.

As a resuli, we have the following iterative algorithm.
(2.2) Algorithm. Given «® €V,
ubt = ofF  B(f - AWY), k=0,1,2, ..

The core of the above iterate scheme is the operator B. Notice that if B = A~7,
after one iteration, u! is then the exact solution, B will be called an iterator of A.

We say that an iterative scheme like (2.2) converges if im0 uy = u for any
ug € V. Assume that u and u* are solutions of (2.1) and (2.2) respectively, then

u—u* = (I — BAY*(u — u).

Therefore the iterative scheme (2.2) converges iff p(1 — BA) < 1.

(2.3) Symmetrization. Sometimes it is more desirable that the iterator B is sym-
metric. If B is not symmetric, there is a natural way to symietrize it. Consider the
following iteration

uwbt1/2 = 4 B(f — Au¥)
okttt = uk+1/2+Bt(quuk+1/2)

where “t” denotes the adjoint operator with respect to (-,-). Eliminating the inter-
mediate u?11/? gives

u—uftt = (I — B*AYI — BA)(u — u*)
or
(2.4) uttl = of 4 B(f — Au¥)

where, with “+” denoting the adjoint operator with respect to (-, )4,

(2.5) B=({~-(1-BA)'(I-BA)A'=B'+B-B'AB
or
(2.6) I—BA=(I-BA)'(I - BA).

4



Obviously B is symmetric and will be called the symmetrization of iterator B.
The following identities obviously hold

2.1 {(BAv,v)4 = ((2I — BAjv,BAvja YwveEV.
and
(2.8) ol = (2 — BAY|l} = (BAv,0)a YveV.

A simple consequence of (2.8} is that

Amax(BA) < 1.

(2.9) Theorem. The following are equivalent:
1. The symmetrized scheme (2.4) is convergent.
2. The operator B given by (2.5) is SPD.
3. The matriz B~* + B~! —~ A is SPD :
4. There ezists a constani wy € (0,2) such that any one of the following is satisfied
Jorany v EV:

(2.10) (BAv, BAv)4 < wi(BAv,v)4;
(2.11) (Av,v) < wi(B~1v, v);

(2.19) (wi1 — 1)(Av,v) < (B~ + B — A, v);
(2.13) (2 — wi)(Bv, v) < (Bu,v).

Furthermore, the scheme 2.2 converges if (and only if, when B is symmeiric) iis
symmelrized scheme 2./ converges.
The above results can be proved easily by definition. We further notice that

(2.14) (2—~wi)B < B<2B.

(2.15) Richardson iterative methods. Richardson iteration is perhaps the simplest
iterative method which correspond to (2.2) with B = —t451. Namely,

2.16 B =gk g 2 (f - AuF), k=0,1,2,--
One can imagine that Richardson method is not very efficient method, but it is the-
oretically a very important one. One of the most important property of this method

is its “smoothing property” that will be discussed now.
Let Ag; = My with A < Az < ... g, (¢g,¢j) = 6;;, and u — ul = > ai¢;, then

w—uF =) ai(l—whi/A) i
£
For a fixed w € (0,2), it is clear that (1~ w;/Az)¥ converges to zero very fast as

k —» oo if \; is close to Ag. This exactly means that the high frequency modes in the
error get damped out very quickly.



An iterative method (2.2) is said to be Richardson like if there exists an w € (0, 2)
such that

(2.17) (= BAyla < (= —-Aholla Yvev.

(2.18) Lemma. For the ilerative method (2.2), the followings are equivalent
1. The inequality (2.17) satisfies with w = Cg .
2. (Copa)™Ioll* < (Bv,v) VveV.
3. (Copa) M| Av|® < [lvfl2 — I(T - BAY[; VwveW.
2-b. Jacobi and Gauss-Seidel Methods. Assume V = R™ and A = (a;5) €
R"*" ig the usual SPD matrix, We write A = [J— L — U/ with D being the diagonal of

A and —I and —U the lower and upper triangular part of A respectively. The easiest
approximate inverse of A are perhaps

B=D"1' or B=(D-L).

As we shall see that these two choices of B result in the well-known Jacobi and
Gauss-Seidel methods, More generally, we have the following choice of B that result
in various different iterative methods:

w Richardson;
D1 Jacobi;
(2.19) B={ wD! Damped Jacobi;

(D~ L)-? Gauss-Seidel;
w(D —wL)~' SOR.

The symmetrization of the aforementioned Gauss-Seidel method is called the
symmetric Gauss-Seideil method.

(2.20) Theorem. Assume A is SPD. Then
Richardson method converges iff 0 < w < 2/p(A);
o Jacobi method converges iff 2D — A is SPD;
o Damped Jacobi method converges iff 0 < w < 2/p(D~*A);
o (Gauss-Seidel method always converges;
SOR method converges iff 0 < w < 2.
The proof of the above results follow directly from Theorem 2.9 by (2.19) to
compute B~* + B~! — A, For example, for SOR method, B~*+ B~ — A = £=¢])

*

2-¢. Alternative formulations of iterative schemes. Assume that V and W
are two vector spaces and A € L(V, W). By convention, the matrix representation
of A with respect to a basis (¢1,-+,¢n) of V and a basis (1, -, ¥m) of W is the

matrix A € R™*" satisfying
(Ags, -+, Adn) = ($1 -+, $m) 4.

Given any v € V, there exists a unique v = (1) € R™ such that v = 37, vi¢.
The vector v can be regarded as the matrix representation of v, denoted by v =¥,
By definition, we have, for any two operators A, B and a vector v

(2.21) AB=AB and Av= AW

[



Under the basis (¢), we define the so-called mass matrix and stiffness matrix as
follows

W7 \ e 4 AL LAY
M= ({¢i,9j))nxn and A= {Adi, &5 )nxn,

respectively. It can be easily shown that
A= MA.
and that M is the matrix representation of the operator defined by

n

(2.22) Ro=y (v,4)¢i, VveEV.

i=1
Under a given basis {¢z), the equation (2.1) can be transformed to an algebraic
system

(2.23) Ap=1.
Similar to (2.2), a linear iterative method for (2.23) can be written as
(2'24) p’k+1=tuk+B(U-Apk)! k:O!]-’z:"'s

where B € [R™"*" is an iterator of the matrix A.

(2.25) Proposition. Assume that &t = p, f=p and p= MB. Then u is the solution
of (2.1) if and only if p is the solution of (2.23). The linear iterations (2.2) and (2.24)
are equivelent if and only if B = BM. In this case x(BA) = k(BA).

In the following, we shall call B the algebraic representation of B.

Using the property of the operator defined by (2.22), we can show the following
simple result. :

(2.26) Proposition. The scheme (2.2) represents the Richardson iteration for the
equation (2.23) if B is given by

B =wp(A)"' D (v, )i, YveE,

i=l

and it represents the damped Jacobt iteralion if B is given by

Bo=w) (Ad:¢:)" (v, ¢:)di, YveEV

i=l

2-d. Preconditioned conjugate pradient method. The well-known conjun-
gate gradient method is the basis of all the preconditioning techniques to be studied
in this paper, The preconditioned conjugate gradient {PCG) method can be viewed
as a conjugate gradient method applied to the preconditioned system:

(2.27) BAu = Bf.

Here B : V — V is another SPD operator and known as a preconditioner for A. Note
that BA is symmetric with respect to the inner product (B~1-,.). One version of this
algorithm is as follows: Given ug; o = f — Aug; po = Bro; Fork=1,2,..,

Up = Up—1 + CkPk—1, Pk = Pk—1 — AEAPE_1, P& = Bry + BePr-1,
o = (Bri—1, re-1)/{Apk-1,pr=1), B = (Bri, 1)/ (Bri-1,75-1).
7



14 1s well-known that

‘2(———-———"'&(3"4)_1\“311

N/w(BA) +1/ "

——
[E=]
I
]

L

”c.-—-nk”.. < MUQH‘A_;

which implies that PCG converges faster with smaller condition number x(BA).

Observing the formulae in the PCG method and the convergence estimate (2.28),
one sees that the efficiency of a PCG method depends on two main factors: the action
of B and the size of x(BA). Hence, a good preconditioner should have the properties
that the action of B is relatively easy to compute and that x{BA) is relatively small
(at least smaller than x(A4)).

3. Iterative methods by subspace correction. Following Xu (1992) (see also
Bramble-Pasciak-Wang-Xu [8, 7]), a general framework of constructing linear iterative
methods and/or preconditioners can be obtained by the concept of space decomposi-
tion and subspace correction. This framework will be presented here from a purely
algebraic point of view. Some simple examples are given for illustration and more
important applications are given in the later sections for multigrid methods. This
framework can also be applied directly to domain decomposition methods.

The presentation here more or less follows Xu [32]. The main modification is
that the subspace solvers here may not be symmetric. For related topics, we refer to
Bramble [5].

3-a. Preliminaries. A decomposition of a vector space V consists of a number
of subspaces V; C V (for 0 < i < J) such that

J
(3.1) V=> Vi

i=0

This means that, for each v € V, there exist v; € V; (0 < i < J) such that v = Z::;n ;.
This representation of v may not be unique in general, namely (3.1) is not necessarily

a direct sum.
For cach i, we define @, P : V' + V; and A; : Vi v Vs by

(3.2) (Qiv,v) = (v, %), (Piy,vi)a = (u,v)a, vEV, v €V,
and
(3.3) (A,-u,-,v,-) = (Au,-,v,-), Ui, Uy € V.

Q; and F; are both orthogonal projections and A; is the restriction of A on V; and is
SPD, It follows from the definition that

(3.4) AP = QA

This identity is of fundamental importance and will be used frequently in this chapter.
A consequence of it is that, if u is the solution of (2.1), then

(3.5) Aju; = f;

with u; = Piu and f; = Q; f. This equation may be regarded as the restriction of (2.1)
to V.



We note that the solution u; of (3.5) is the best approximation of the solution
u (2.1} in the subspace V; in the sense that

J(w) = min J(v), with J(v) = 5(40,0) = (£,v)
and
llw = willa = minllu - vlla.

The subspace equation (3.5) will be in general solved approximately. To describe
this, we introduce, for each i, another non-singular operator R; : V; — V; that rep-
resents an approximate inverse of A; in certain sense. Thus an approximate solution
of {3.5) may be given by i; = Rif;.

(3.6) Example. Consider the space V = R" and the simplest decomposition:

n
R" = Zspan{e"},

i=1
where €' is the i-th column of the identity matrix. For a SPD matrix A = (a;;} € R?*"
A =ai, Quy =y,
where y; the i-th component of y € R".

3-b. Basic algorithms. From the viewpoint of subspace correction, most linear
iterative methods can be classified into two major algorithms, namely the parallel
subspace correction (PSC) method and the successive subspace correction method

(SSC).

PSC: Parallel subspace correction. This type of algorithm is similar to Jacobi
method. The idea is to correct the residue equation on each subspace in parallel.

Let u° be a given approximation of the solution u of (2.1). The accuracy of this
approximation can be measured by the residual: #°/9 = f — Au® If r°'% = 0 or very
small, we are done. Otherwise, we consider the residual equation:

Ae = p°ld

Obviously u = u®/¥ e is the solution of (2.1). Instead we solve the restricted equation
to each subspace V;

A,-e,- = Q,‘T‘ald.

It should be helpful to note that the solution e; is the best possible correction u° in

the subspace V; in the sense that
. , 1
Ju 4 ¢) = min J(u™? +e), with J(v) = i(Av, v) — (f,v)
eEV;
and

lu — (u' + )|l = ;gi}%ﬂu — (u® +e)||a.

9



As we are only seeking for a correction, we only need to solve this equation
approximately using the subspace solver R; described earlier
& = RiQir™™.
An update of the approximation of u is obtained by

J
uhet = uold + 5 :é,

i=
which can be written as
ueY — uoId +B(f _ Auoi'd)’

where

J
(3.7) B=> RQs

i=0
We have therefore

(3.8) Algorithm. Given ug € V, apply the iterative scheme (2.2) with B given
in (3.7).

(3.9) Example. With ¥ = R” and the decomposition given by 3-a, the correspond-
ing (3.8) is just the Jacobi iterative method. :

It is well-known that the Jacobi method is not convergent for all SPD problems
(see Theorem 2.20, hence (3.8) is not always convergent. However the preconditioner
obtained from this algorithm is of great importance. We note that The operator B
given by (3.7) is SPD if each R; : V; — V; is SPD.

(3.10) Algorithm. Apply the CG method to equation (2.1), with B defined by (3.7)
as ¢ precondilioner.

(3.11) Example. The preconditioner B corresponding to 3-a is

Y -1 -1 —1
B =diag{ai; 835, "> %nn

which is the well-known diagonal preconditioner for the SPD matrix A.

88C: Successive subspace correction. This type of algorithm is similar to the
Gauss-Seidel method.

To improve the PSC method that makes simultaneous correction, we here make
the correction in one subspace at a time by using the most updated approximation of
u. More precisely, starting from v~! = u° and correcting its residue in Vo gives

v ="+ RoQo(f - Av™h),
By correcting the new approximation v! in the next space V;, we get
v =00 4+ RaQa(f — AvY).
Proceeding this way successively for all V; leads to

(3.12) Algorithm. Given u® € V.
10



fork =0,1,... till convergence
v — uF
fori=0:J veov+ R;Q;(f~ Av) endfor
ubtl — g,

endfor

(3.13) Example. Corresponding to decomposition in Example 3-a, the Algorithm 3.12
is the Gauss-Seidel iteration.

(3.14) Example. More generally, decompose R* as

J
]Rﬂ = Z Span{e"' ) eIi+1) . ,,efi+1—1}’
=0
where 1 = Ip < Iy < -+- < lj41 = n+ 1. Then (3.8), (3.10) and (3.12) are the
block Jacobi method, block diagonal preconditioner and block Gauss-Seidel method
respectively.
Let T; = R;Q;A. By (3.4), T = RiA; Pi. Note that T; : V v V; is symmetric with
respect to (-, )4 and nonnegative and that 7; = P; if R; = A; L
I u is the exact solution of (2.1), then f = Au. Let v' be the i — th iterate (with
" = u¥) from Algorithm 3.12, we have by definition

u—otl = (I -T)(u=v'), i=0,---,J

A successive application of this identity yields

(3.15) u—u*t = Ey(u — uF),
where
(3.16) Ey=I~T){I-Ty-1) - (I-T1)({I - To).

(3.17) Remark. [t is interesting to look at the operator By in the special case that
R; = wAT ! for all i. The corresponding SSC iteration is a generalization of the classic
SOR method. In this case, we have

Ej =(I—wP)(I-wPj) (I —wP)(I —why).

One trivial fact is that E; is invertible when w # 1. Following an argument by
Nicolaides {28] for the SOR method, let us take a look at the special case w = Z.
Since, obviously, (I — 2F;)~! = I — 2P, for each i, we conclude that E7! = E% where
# is the adjoint with respect to the inner product (-,-),. This means that E; is
an orthogonal operator and, in particular, ||Es|ja = 1. As a consequence, the SSC
iteration can not converge when w — 2. In fact, as we shall see in Proposition 3.42
below, in this special case, that the SSC method eonverges if and only if 0 <w < 2.
The symmetrization of Algorithm (3.12) can also be implemented as follows.

(3.18) Algorithm. Given v’ € V, v — u°

fork=10,1,... till convergence
fori=0:Jandi=J:-1:0 ve—v+ RQi(f— Av) endfor
endfor

11



The advantage of the symmetrized algorithm is that it can be used as a precondi-
tioner. In fact, {3.18) can be formulated in the form of (2.2) with operator B defined
as follows: For f € V, let Bf = u! with »! obtained by (3.18) applied to (2.1) with
ul =0,

(3.19) Colorization and parallelization of SSC iteration. Associated with a given
partition (3.1), a eoloring of the set 7 = {0,1,2,...,J} is a disjoint decomposition:

Je
J= UJ(t)

=1
such that
PP;=0 forany i,jeN(@),i#i1<t<T,).

We say that 7, j have the same color if they both belong to some J(t).
The important property of the coloring is that the SSC iteration can be carried
out in parallel in each color.

(3.20) Algorithm (CoLORED SSC). Given u’ €V, v — u°
fork —0,1,... till convergence
fort=1:J; vev+Y g0 RiQi(f— Av)  endfor
endfor
We note that the terms under the sum in the above algorithm can be evaluated .
in parallel (for each ¢, namely within the same color).

3-c. Convergence theory. The purpose of this section is to establish an ab-
stract theory for algorithms described in previous sections.

In view of Theorem 2.9, it suffices to study (3.10) and (3.12). Two fundamental
theorems will be presented.

For the preconditioner (3.10), we need to estimate the condition number of

J
T=BA=) T,
: i=0
where B is defined by (3.7) and T} = R;A; F;.
It is interesting to note the following special case:

J
BA=) P, ifRi=A""

i=0

For (3.12), we need to establish the contraction property: there exists a constant
0 < é < 1 such that

1 Esv]la
]l 4

IEsa <6 with ||E]la =sup ,
vEY
where Ej is given by (3.16). Applying this estimate to (3.15) yields [Ju— wFija <
llu — 4.
Important parameters. The convergence theory here is to be built upon several
parameters associated with the space decomposition and subspace solvers.
12



Parameter wy. The first constant, named w,, is the smallest constant satisfying
(3.21) (Tiv, Tiv)a <wi(Tiv,v)a Vo eV, 0<i< )
or equivalently
(3.22) (vi, Aivi) S wi{R; Yo, m) YveV,0<i<

We assume that R; is chosen in such a way that w; is well-defined. If all R; are SPD,
then w; is obviously well defined and in fact
= e pIs) = g, p(T)-
The constant wy is, in most cases, very easy to estimate and its bounded-ness
often comes as an assumption. For example, while all the subspace solvers are exact,

namely B; = A7 1 then w; = 1. As we shall see late, the convergence of an SSC
method is assured if the following condition holds:

wy < 2.

This condition is equivalent to saying that the symmetrized schemes for all R; are-
convergent schemes (see Theorem 2.9) and in particular the iterative schemes given
by all R; are convergent schemes.

Parameter K and Ky. The parameter Ky to be introduced now plays the most
crucial role in most applications and it is also most difficult to estimate in applications.
It measures the correlation between space decomposition and the choice of subspace
solvers. We define

Ko = sup inf R s, ).
e B 2T )

Ko = sup inf Y O(R e ).
H”"A=19|'EV,',EG.’=1; 3

In other words, for any v € V), there exists a decomposition v = Ef‘;o v; for v; € V;
such that

J
(3.23) > (R’ oi,v:) < Kol Av, ).

i=0

(3.24) Lemma. Assume, for any v € V, there is a decomposilion v = E::D v with
v € V; satisfying

J

(%.25) Z(W;W)A < Colw,v)a,

i=0
then
o< C with @ = min Am (R: Ai)
O_QD, Dwosisj min i1
13



and, if all R; are SPD,

Ko < @ with and wp= mm_ )\m;n(R;A,').
Wy U<1sd

The above lemma is most useful in domain decomposition applications. A good
upper bound of Kj relies on a good lower bound of wg, which means that each subspace
solver R; should resolve the whole range of the spectrum of A;. In another word, the
subspace problems should be very well solved or preconditioned.

The constant Cp in (3.25) only depends on the partition (decomposition) of the
space and it is sometimes called partilion constant.

(3.26) Lemma. Assume, for any v € V, there is a decomposition v = Z:Lo v; with
v; € V; satisfying

J
> p(As) (v, v} < Colv, v)a,
i=0

then then

G

wo

Ko < with Gy = min (hwin(B:)p(41))

and, if all R; are SPD,

&>

Ky < with  and &g = Orsniiéij()\m;n(R;)p(A;)).

The above lemma. is most useful in multigrid applications. A good upper bound
of Ky relies on a good lower bound of &g, which means that each subspace solver B;
only needs to resolve the “upper” range of the spectrum of A;. In another word, each
subspace solver R; should be spectrally equivalent to (p(A;))~?.

Parameter Ky and K. This parameter measures the interaction among subspaces

together with the subspaces solvers.
¥ each R; is SPD, we define ¢;; € (0,1], for j < 1,

(3.27) e?j = p(BTiPy) /w1 and €5 = €5, €= 1
And we define &; € (0,1], for j < i,
(3.28) &= p(P;TiP;) and ¢ = €5, €i=1,
where with R; being the symmetrization of R; (see § 2-a),
(3.29) T; = RiAP;.
Note that, for each i > j, €; and &; are the smallest numbers satisfying

(Tivj, v5)a el (vy,05)a,  (Tivj,v5)a < &5(v;,05)a Y v; €V,
(3.30) Lemma. If each R; is SPD, then

(3.91) (T, Tyv)a < wiesi(Trw, w)i(Tiv,0); Vuv eV
14



Proof. Without loss of generality, we may assume that i > j. It follows from
Cauchy-Schwarz inequality that

(T T)a < (T u)i(0T, T}
1 L
< Vwie(Tiu, w) 3 (Tv, Tyv) 3

< m&ﬂﬂ%u)i(ﬂ”aﬂ)i-

0

(3.32) Remark. Clearly ¢;; < 1 and, &; = 0 if FiP; = 0. If ¢;; < 1, the inequal-
ity (8.31) is often known as the strengthened Cauchy-Schwarz inequality.

(3.33} Definition.
K= Ju{:n{lgb} (}JGE + {Ielg? .Zc e,‘j).
ieds
and
K= i €i |
= aipy (9+ms T )

Roughly speaking, K is bounded if the matrix (¢;;) is sparse except for a few rows
and columns.

(3.34) Lemma. The parameter K1 admits the following estimales:
1. Kb £J+1.

n

2. Ky <14 p((€3)i,j=10) £ 1+ A, z;fij-

j=

3. Ifei; S org; S 471 for somey € (0, 1), then K < ﬁ or Ky < ﬁm;
{3.35) Lemuma.

_ - IS 12 o J 1/2
> (Trui, Tyvi)a < (Ko — 1)(Z(Tiui;ui)z&) (Z(I}vjsrivj)ﬂ)
i>j i=0 j=0
If each R; is SPD, then

J 1z, J 1/2
> (Tiui, Tyvsda < wi(Fa — 1)(Z(T;us, m)A) (E(T}‘vj,vj)A)
] =0 j=0
If each R; is SPD, then for any S C {0:J} x {0:J},

> (Tiwi, Tyvg)a Swik (EJ:(T.-u,-, ug-),;) 12 (ZJ:(TJ- Uj,vj)A) 1/2

i,j65 i=0 j=0

15



Convergence theory. With the parameters wy, Ko and K, introduced above,
the convergence estimates for PSC and S5C methods can be neatly presented. The
analysis for PSC preconditioner is relatively easy whereas the analysis for SSC itera-
tion is less straightforward.

We first give a lower bound for the spectrum of the PSC preconditioner.
(3.36) Lemma. Assume ihat all R; are SPD. The PSC preconditioner B given
by (3.7} satisfies

Amin(BA) = K5t

Proof. If v = E:f:o v; is a decomposition that satisfies (3.23), then

J J

(v, 0)a =D (v, v)a = ) (vi, Piv)a,

i=0 i=0

and by the Cauchy-Schwarz inequality

J J J
\ L
> (i, Piv)a = > (v, AiPv) < Z(R,r—lvi,vi)%(RfAiPivw)ﬁ

i=0 i=0 i=0

J . J . 1
< Oo@E o, w) (O (Tiv,v)a)? < VEolvlla(Tv, v)3.
i=0 i=0
Consequently

livll% < Ko(Tw,v)4

This implies that Apin(BA) > K1
Now for v = 327, v; with v; = T;T~!v, we have

Sico( B LT 0, BT ')

Ky € max
vev livlt
Ty, v -
= max(——)—é-ﬂ()\min(BA)) '

vev  (v,v)a
The desired estimate then follows. 0

(3.37) Theorem. Assume all R; are SPDE. The PSC precondilioner B given by (3.7)
satisfies

Amin(BA) = K51 and  Amax(BA) w1 K,
and
K(BA) < w1 KoKy,

And in view of Lemmas 5.24 and 3.26,

€

K(BA)ggiCoKl, K(BA) < -6k,
4] 1]

Y

16



Proof. By Lemma 3.35,

J
ITollh = Y (Tiv, Tiv)a < Ka(Tv,0)a < Kal[Tolallvlla,
$,j=0

which implies that M. (BAY < K7, 0
To present our next theoremn, let us first prove a very simple but important lemma.

(3.38) Lemma. Denote E_; =1 and for 0 <i < J,
Ei=(I -1 ~Tieq) - (I-T)1 - To).

Then
)

(3.39) I-Ei=) TiE,
j=0

and for any v €V,

J
(3.40) oll% — HEsoll% =D (TiEicyv, Bi1v)a
{=0
where T} is given by (3.29).
Furthermore if each R; is symmetric then

J
(3.41) Nollz — vl 2 (2 —wi) D _(TiEio1v, Ei—1v)a
i=0
Proof, The identity (3.39) follows immediately from the trivial identity E;1 —
E; = T,E;_;. Similar to (2.8) and (2.7), we have

NE;—10|% — (1Ewlly = (2 — T} Eio1v, TiEieqv)a = (TiBio1v, Eio1v)a.

Summing up these inequalities with respect to ¢ gives (3.40). The estimate (3.41)
follows by combining (3.40) and (2.14). O

Again let us take a look at the special case that R; = wA; ! for each i. In this
case, we have

J

loll = NEsoll = w(@—w) D12 Bi-avlih.
i=0

This identity implies immediately that a necessary condition for the convergence for
the related SSS method is that 0 < w < 2. In fact, like in SOR method, it is not
hard to see that this condition is also sufficient for the convergence (see Corollary 3.49
below). Thus, we have the following simple generalization of a classic result for the
SOR method (see also Remark 3-b).

(3.42) Proposition. The SSC method with R; = wATY for each i converges if and
only if 0 <wy < 2.
17



(3.43) Lemma. Assume that wy < 2. If each R; is SPD, then
J 7
(9.44) S (Tiv,v)a < {1+ K1) ) (T
i=0

=0

ie1v, Bi_1vja YV EV,
and in general
i 5 ) 2 J
(3.45) D _(Tv,v)a < (1+ , /zmlwl(Kl - 1)) > (T3Ej-1v, Ej-19)a
1={ j=0

Proof. By (3.39)

(Tiv,v)a = (Tiv, Bisyv)a + (Tiv, (I = Ei_1)v)a
i-t

= (T, Ei_1v)a + »_(Tiv, T3 Bj_10)a.
i=0

Applying the Cauchy-Schwarz inequality gives,

2

7 7 T/
Z(Tsv,Ei_w)AS(E(ﬂv,v)A) (Z(fﬂ'Eimlv,E‘—zv)A) ,

10 i=0 i=0

and, by Lemma 3.3b,

I oi-1
ZZ(T;”J}EJ—W)A
i=0 j=0
7 5/ 5
<wi{Ki-1) (E(T:‘U, U)A) > (TjEj_1v, Ej-1v)a
i=0 j=0

Combining these three formulae then leads to (3.44) and hence completes the proof
for (3.47).

With arguments similar to the above {essentially by replacing T; by T; in the
above proof), it is easy to obtain that

J J 12 (4 1z
D (Tiv,v)a < (Z(Tiv»vh) (E(ﬂEj~1v,Ej—1v)A)

1=0 i=0 =0
1 1
B J o 2 fJ *
+HKy - 1) (Z(T.-v,v),,) D (TEBi—10, TiBjv)a |
i=0 i=0

After canceling the common factor and using the following inequalities (see (2.11)
and (2.10)):

(Gw,w) < @—w) " Tw,w), (Tw,Tw) S w1(2-w)™ (Tw,v),

The estimate {3.45) then follows easily. O
18




Now we are in a position to present our second fundamental theorem.

(3 46) Theorem. Assume thal wy; < 2. If each R; is SPD, then the iterator Ey

a

{given by (3.18)) for ihe Algorithm 3.

(3.47) Eslla < 1-

12 salisfies
2 — W ,
Ko f (KL= D))

and, in general,

(3.48) IS <1~ 2=

f{'g(\/z —wy \/wl(K'l - 1))2
Proof. The estimate in (3.47) is obviously equivalent to
Kol + K3
oty < K0 g
Estimate (3.47) then follows by combining (3.44) with (3.40) and (2.11).
The second estimate (3.48) then follows by combining (3.45) with the fact that

Amin (35 T) = K_l (similar to Lemma 3.36). O
As a direct consequence of the above theorem, we have the following simple result.

|Esv|Z) YveV.

(3.49) Corollary. A sufficient condition for the convergence of the SSC method is
that '
{3.50) w < 2

The condition (3.50) is also necessary in some sense, see Proposition 3.42.

(3.51) Remark. Note that the convergence estimate in Theorem 3.46 is indepen-

dent of the order of how (3.12) is proceeded. Namely, if we shuffle the order in the
decomposition (3.1), the corresponding estimate in (3.46) remains unchanged.

(3.52) Theorem. Under the assumplions in Lemma 3.24,
x(BA) < LK,
wo

and
(2 -~ wydwp

1-
00(1 4+ wy (1(1 — 1))2

if each R; is SPD

E21% < .
1-— “o otherwise.

Co(\/? — w1 + \/CTJT(Ifl - 1))2

(3.53) Theorem. Under the assumptions in Lemma 3.26,
k(BA) < 24 Ky
o

and
1— = wo if each R; is SPD
Co(l + wi (K7 — 1))

NEs% < _
(2 — wq )

T CovT= 01 + i (Ki — 1))

19
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3-d. Matrix representations of PSC and SSC methods. The PSC and S5C
have been presented above in terms of projections and operators in abstract vector
spaces. We shall now translate all these algorithms into explicit algebraic forms by
using the simple techniques in § 2-c.

For each k, let T; € R™"*™ be the matrix representation of the natural inclusion’
I : Vi — V; To derive the algebraic representation of the preconditioner (3.7), we
rewrite it in a slightly different form

J
B = ZIkRka.

k=0

Applying {2.21) and the easily verifiable identity ék = M;ll',f,M gives

J J
=S LRQw = ) L(Re Me)(MF ZEM) = BM.
k=0

k=0

Here Ry is the algebraic representation of R; and

J
(3.54) B =) LRI}

k=0
Different choices of Ry yield the following three main different preconditioners:

. J
Z p(Ay)"'T:Z} Richardson;
k=0

J

B={ > L'D;'I} Jacobi;

7

N LGT4 Gauss-Seidel,

v k=0

Here g;,- = (Dk fand uk)—IDk(Dk - ﬁk)‘l, -Ak = Dk — ﬂk —~uk, Dk is the diagonal of

Ax, =L and —Uy. are, respectively, the lower and upper triangular parts of Ay.
Following (2.25), we get

(3.55) Proposition. The PSC preconditioner for the stiffness matriz A is given
by (3.54) and k(BA) = r(BA).
Similarly, we can derive the algebraic representation of (3.12) for solving (2. 23)

(3.56) Algorithm. u° € R" is given. Assume that u¥ € R™ is oblained. Then pu*t
is defined by

P = GO L TR Ty — ApEHE-1I)
fori=10:J,

4, Finite element approximations. In the following sections, we shall intro-
duce the multigrid methods. Our presentations will be confined on a second order
elliptic model problem with the linear finite element discretization.

This section is devoted to some basic properties of finite element spaces that will
be used for the analysis of multigrid algorithms. '
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4-a. A model problem and finite element discretization. We consider the
boundary-value problem:

(4 1) -5 &VU = F in I
’ U = 0 ondf,

where § C R?is a polyhedral domain and a is a smooth function (or piecewise smooth)
on §2 with a positive lower bound.

Let H'(£) be the standard Sobolev space consisting of square integrable functions
with square integrable (weak) derivatives of first order, and Hg(Q) the subspace of
HY(Q) consisting of functions that vanish on 8Q. Then U € H;(€2) is the solution
of (4.1} if and only if
(4.2) a(U,x) = (F,x) Vx € Hy(Q),

where
a(U,x) = f aVU -Vydz, (F,x)= f Fydz.
o a
Introduce the fractional order Sobolev spaces
H" T (D(m>0,0<0 < 1)

defined by the completion of smooth functions in the following norm:

1

ollmton = (1ohma) + [oimte)

where

2 |Dv(z) — Do),
lvlmio0 = z LL [z — g|atie dz dy.

fal=m
It is well-known that there exists a constant a € (0, 1] such that
(4.3) WU lhte < CIFlla-1,

for the solution U of (4.2), where C is a constant depending on the domain {2 and the
coeflicient a(z).

Assume that Q is triangulated with £ = U;r;, where 7;’s are nonoverlapping
simplexes of size h, with k € (0,1] and quasi-uniform. i.e. there exist constants Co
and C; not depending on h such that each simplex 7; is contained in (contains) a ball
of radius Cyh (respectively Coh). Define

V={ve H{Q) vl € Pi{rn), Y=}

where P; is the space of linear polynomials.
We shall now mention some properties of the finite element space. Forany v € V,
we have

(4.4) ollooe S B Y?lollreey,p = 1,
(4.5) folle S A7,

e 1
(4.6) lellisan S A7 Nollmim o €(0,5)
(4.7) lollse S R7°%olloe st €[0,1], t<s,
(4.8) lollzeeqy S cal®)llvlla(a),
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where ¢;(h) = 1,ca(h) = |logh|? and ca(h) = h*%* for d > 3. The inverse
inequalities (4.4) and (4.5) can be found, for example, in Ciarlet f19] and a proof of
the discrete Sobolev inequality (4.8) can be found in Bramble and Xu [11]. A proof
of (4.6) and (4.7) may be found in Bramble, Pasciak and Xu [10] and Xu [31].

(4.9) Theorem. Assume that P, : H}(Q) — V is the Galerkin projection with respect.
to a(:,), then

(4.10) NI =~ Pu)ulli-a S R lull ¥ u € Hg(Q),
an_d
(4.11) (I = Pauls S llullies, Yue H@Q)OH'T(Q), 0S5 <@

where a is as in (4.3).
Defining the L? projection @y : L*(2) — V by

(Quv,x) = (v,x), VveL*Q),xeV,
we have
(4.12) llv — Quoll + AllQuvlim () S Chllvla(ay-

This estimate is well-know, we refer to [31, 11} for a rigorous proof and related results.
By interpolation, we have (for o € (0, 1))

(4.13) N@nvlleea) S Wllmey Vv e Hs ().
and
(4.14) lle = Quolli—a S A*[olln Vv € Hg(9).

The finite element approximation to the solution of (4.1) is the function u € V
satisfying

(4.15) a(u,v)y = (F,v}) YeeV.
Define a linear operator A : V + V by
(4.16) (Au,v) = a(u,v), u,v€V.

The equation {4.15) is then equivalent to (2.1) with f = @QuF. The space V has a
natura} (nodal) basis {¢;}7, (n = dimV) satisfying

diz)=6a Vil=1,...,n,

where {; : { = 1,...,n} is the set of all interior nodal points of V. By means of
these nodal basis functions, the solution of (4.15) is reduced to solving an algebraic
system (2.23) with A = ((aV¢i, Vé1))nxn and 5= ({f, $iJnx1).

It is well-known that

(4.17) R S VA SR and R SviMe SR Vv eR™

Hence 6{(A) < h™%? and s(M)S 1.

~
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ANYAN-

FiG. 1. A typical muliilevel grids

4-b. Finite element spaces on multiple levels. This section is to study the
interaction between finite element spaces with different scales. We assume that {2 has
been triangulated with a nested sequence of quasi-uniform triangulations T = {ri}
of size h for & = 0,...,7 where the quasi-uniformity constants are mdependent of
k. These tnangulations should be nested in the sense that any triangle r}_, can be
written as a union of triangles of {r}} (see Figure 1. We further assume that there is
a constant n > 1, independent of k, such that

he = k.

Associated with each T, a finite element space My C HE(2) can be defined. One
has

2

(4.18) MiCMaC...CMpC...C M.
For each k, we define the interpolant I : C(Q) — My by
(Ieu)(z) = u(z) Yz € NM.

Here N} is the set of all nodes in 7.
Let Qg, Pp : Hy(€)) — M. be the L? and H! projection defined by

(4.19)(Qru, vi) = (u, vp), (VPu, V) = (Vy, V) Vue Hé(ﬂ), vy € My,

(4.20) Lemma. Let Ry be any one of I, Qy or Py. Then
1. RiRj = Ripg.
2. (Ri—Riea)(Rj —Rj_1)) =0 if i # j.
3. (Rp— Rk_1)2 = Ry — Ry = (I — Re—1)Ri.

(4.21) Lemma. Im:Ik
(4.22) (T — Do)l + BENeollh S ca(R)RENRNG, v eV,

where cg(k) = 1,J — k and 209-U=F) for d = 1,2 and d > 3, respectively.

4-c. Regularity and approximation property. Associated with each Mg,
we define, as in (3.3), A : My — M;. The following result is instrumental in
multigrid analysis.

(4.23) Theorem. Assume a is as in (4.3). Then

(4-24) A(I = Peon)u,u) £ O [ Arul)* A(u, w)' ™" Yue My,
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Proof. Let u € Mg. Applying Cauchy-Schwarz’s inequality and the following
norm equivalence (c'me\ Bank and Dupont [2h

A2 = lolls ¥ BS(Q) 0 HYQ) selo,1].

we deduce that

A((I”Pkml)u,u) < ( uAk (I BPi_ 1)’[1)
< liflk’ ulHlAk“ (I = Pe-1)ull
_l%g
< JAT i = Pe—1)ulli-a
By Holder’s inequality,
(4.25) 14,5 ull < (ACw, w) e Anul) "

Note that Ay <

~

Theorem 4.9. O

4-d. Strengthened Cauchy-Schwarz inequalities. These types of inequali-
ties were used as assumptions in Section 4 (see (3.31)). Here we shall establish them
for multilevel spaces.

(4.26) Lemma. Lel i > j; then
a(u,v) SR ullallol]l Y ue MiveE M,

h,:g, the theorem the follows by combining above inequalities with

Here, we recall, that v € (0,1) is a constant such that h; = v
Proof. Given K € Tj, it follows from Green’s identity that

faVu-Vv = ]Va-Vuv+j a@-v
K K aK on
< g llvll + 1 Vello,ax [Ivllo,ox
< Mellxliell + 85 2 [9adlo ) (B ¥ olio i)
< (k) Y2V ulo x llvllo ke
< AR IVlolvllo,x

A repeated applications of Cauchy-Schwarz inequality yield

a(u U) E / aVu-va‘}‘i_jh;I E EluHH1(;{)”U”L2(K)

KeT; KeT;
S 7k (Et!ufimm) (thvliiz(x)) = 7~ 5wl alfol
KeT; KeT;

B

The inequality in the previous lemma is a generalization of the strengthen Cauchy
inequality for hierarchical basis functions in Yserentant [36]. Our proof is similar in
nature to that in [36], but appears to be a little shorter and morve straightforward.
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(4.27) Lemma. Let V; = (I; — Li_1)V or Vi = (Qi — Qiw1)V; then

(4.28) a(u,) S Y ullallefla YueVivey;.

Proof. By (4.12), we have
oll < mlivlls Yeels

The result then follows directly from Lemma 4.26. O
(4.29) Lemma. Assume thal Ty = Ry A Py and that By : My — M, satisfies

IR Aeol® < A7 (Arv,v) Vo€ My,
where A\, = p(Ar). Then, for0< 4,7 <J

(T, Tyo)a $ 7" T, )G, 0)] Vu,vev.

Proof 1f i < j, an application of Lemma 4.26 yields
(ui, Tyo)a S 7 7 h7 lwllall Ty oll.
By the assumption on Ry,
ITy0ll = 1Ry A3 Pyoll S hsll4f Pyoll S hsllola
Consequently
(ui, Tyo)a S ¥ fluillalvlla Yuwi € ViveV.

The second inequality follows from the Cauchy-Schwarz inequality and the in-
equality just proved:
1 1
(T, Tyv)a < (Tyv,v) (T3 Tow, T}
jmi 1 i 1 L
S 7T (TGuo)iliTulla S 9= (T, w)a(To, )4
0

4-e. An equivalent norm using multigrid splitting. If nested multilevel
finite element spaces M;, are allowed to get refined in an infinite way, namely k — oo,
then the Sobolev space H} can be characterized by these finite element spaces in a
very elegant way. We shall give such a characterization.

(4.30) Theorem. For all v € H}(12),

Holl? = > 1@k = @r-1)ell = D bx Qe — Qe-1)ll:
k=0

k=0
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Proof. Let Qk = Qp — Q-1 and v = {(F; — P;—1)v. It follows that
I@:will? < A2 @wwlli_, (by inverse inequality (4.7))

< Rl (by (413))
< RgTRfudl} (by (4.14)).

Note that v = }_; v; Let i A j = min(3, j), we have
o0
> @k — Qe-1)vlfi
k=0

= 3 Y (@i, VQivs) (since Quui = 0if i < k)

kz@i,j=k
oo IAJ .
= Z Z(Vka,-,VQg,vj) (change the order of sum: Fubini theorem)
i,j=1 k=0
oo 1AF )
S 3 SR fulldloslh £ 3 Rad RS il lles
i,j=1k=0 f,j=1
[e] L oa
$ 3 ™ hvllallosl S D0 Ml = el
1,j=1 {1

To prove the other inequality, we use the strengthened Cauchy-Schwarz inequality
and obtain (Lemma 4.26)

ol = 37 (9@, ¥@5v) £ 3 P NIQulhliQsvll £ D1 1@l
i,j=1 {,j=1 i=1

0

(4.31) Theorem. For all v € H}(R),

ol = D A *IT — Qr-a)vll*.
k=0

Proof. By previous theorem, we obviously have

SR - Quonvll 2 D A (Qk — Qe—1)vll Z vl
k=0 k=0

The proof for the other direction of inequality is identical to that of the previous
theorem except using Q@ = I — Qp—1 instead of Q¢ — Qr—1. O

(4.32) Theorem. For all v € H(Q2)(—1 < s < 1),

(=]

[ol2 = S 1@k — Qe vil = D A 1@k — @i-1)ell.
k=0

k=0
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Proof. Set B = Y po o by 2(Qr — Qx—1). We then have ||o]|* = (B®v,v) and, by
previous theorem, |jv}}} = (Bv,v). An application of operator interpolation then gives
that [jvl|? = (B®v,v) which implies the desired result. O

(4.33) Remark. The above theorem is also valid for ~3/2 < s < 3/2.

(4.34) Remark. A relevant interesting identity is as follows:

loll} = D REIARP® Vv € Ho(Q).
k=0

5. Multigrid methods. This section is devoted to multigrid methods and their
convergence properties. The following topics will be studied: classic multigrid iterative
methods, BPX preconditioners, hierarchical basis methods, methods for locally refined
meshes and full multigrid principle.

5-a. Analysis for smoothers. The most crucial step in developing a multigrid
solver is the design of a relaxation scheme. A relaxation scheme is also the most
problem-dependent part of a multigrid solver as most other parts (such as prolongation
and restriction operators) are usually quite standard. The role of relaxation is not to
reduce the overall error, but to smooth it out {(namely damp out the non-smooth or
high frequency components) so that it can be well approximated by functions on a
coarser grid.

The smoother will be analyzed by three approaches in this section. The first
approach is through numerical experiments, which would give an intuitive idea on
the numerical behavior of a smoother. The second approach is Brandt’s local mode
analysis. This approach, using local Fourier analysis, can give a good insight on
the role of a smoother. The third approach is to build technical machineries for the-
convergence analysis of multigrid methods.

A model problem and some numerical examples. Consider the Poisson
equation with homogeneous Dirichlet condition on unit square discretized with uni-
form triangulation, the discretized equation can be expressed as

(5.1) dugy = (w1 +uiorj Ui+ uige1) = by, 1S i7<n

The damped Jacobi and Gauss-Seidel methods are among the most popular relaxation
schemes for this problem. The damped Jacobi (or Richardson) iteration can be written
as

(5.2) Aity; = Wl ,; + Bi1,j + Bij41 + 1) + b5

where i;; denote the new value of u while #;; denote the old value of u, and the
(point) Gauss-Seidel iteration (with lexigraphical order on nodal points, from left to
right and bottom to top):

(5.3) 4ity; = (Big1,g + Bier,j + Biger + Big-1) + by

The Gauss-Seidel method has a good smoothing property. Let us illustrate this
by a simple numerical example. Consider the equation (5.1) with an initial residual-
# — u® shown on the left plot of Figure 2. The initial residual apparently contains a

27



A { i 1"1,*;
i J\,.j‘ ‘J’I 'li{‘\}\fi ‘t,h“ \E'.\ .’J.l.\n

WAL
Ptk
e “‘d“}\\‘
Hak ‘\\\\ i

s
A U
il ”f?‘w':““' ‘R\‘\\\\\\\\\\““‘“ g

Fia. 2. Residual after 0, 2 and 100 iierations, respectively, with 961 unknowns.

1

o.9F -

o.ak -1

o7k E

o.af -

0.5} -

0.4} R

0.3} -1

o2k -1

o.fF e

e B 1o 15 R0 25 a0 a5 40 45 sa

FiG. 3. Convergence history of Gauss-Seidel method within 50 ilerations

lot of oscillations, The middle plot in Figure 2 is the residual after 2 Gauss-Seidel
iterations. As we see the error components are smoothed out very quickly with only
two Gauss-Seidel iterations although the global errors are still very large. The right
plot in Figure 2 is the residual after one hundred iterations and as we see the error is
stifl quite big.

Basic ideas in a multigrid stralegy. The above numerical examples show that, high
frequency errors, which involve local variations in the solution, are well annihilated
by simple relaxation methods such as Gauss-Seidel iterations. Low-frequency or more
global errors are much more insensitive to the application of simple relaxation meth-
ods. In fact, as shown in Figure 3, the convergence rate of the Gauss-Seidel iteration
consists of a rather rapid initial residual reduction phase, which gradually develops:
into a much slower residual reduction phase, corresponding to a situation where all
high-frequency errors have been damped down and low-frequency errors dominate.
A multigrid methodology capitalizes on the this rapid initial high-frequency errors
associated with an initial solution on the fine grid, using a simple relaxation scheme
such as Gauss-Seidel iteration. Therefore, the solution is transfered to a coarse grid.
On this grid, the low-frequency errors of the fine grid manifest themselves as high fre-
quency errors, and are thus damped out efficiently using the same relaxation scheme.
The coarse grid corrections computed in this manner are interpolated back to the
fine grid in order to update the solution. This procedure can be applied recursively
on a sequence of coarser and coarser grids, where each grid-level is responsible for
eliminating a particular frequency bandwidth of errors.

Multigrid strategies may be applied to any existing relaxation technique. The
success of the overall solution strategy depends on a close matching between the
bandwidth of errors which can be efficiently smoothed on a given grid using the
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particular chosen relaxation strategy, with a careful construction of a sequence of
coarse grids, in order to represent the entire error frequency range.

Brandt’s jocal mode analysis. The local mode analysis of Brandt {13] is a
general effective tool to analyze and predict the performance of a multigrid solver
and in particular the performance of a smoother. This method is based on the fact
that a relaxation process is often a local process in which the information propagates
just few mesh-sizes per sweep. Therefore, one can agsume the problem to be in an
unbounded domain, with constant (frozen) coefficients, in which case the algebraic
error can be expanded in terms of Fourier series.

The local mode analysis for smoother can in fact be applied in a rigorous fashion
to the model problem discussed in previous section. Let us first recall the discrete
Fourier theory. For clarity, we confine our discussion in two dimensional case. The
discrete Fourier transform theory says that every discrete function v : I, — R, with
I, = {(4,4) : 0 < {,§ < n}, can be written as

wy= Y codiglf), $ig0) =N, = VET 0=(01,6).

e,

where

cy = f%l)z Z Uk,I“!)k,I(—g)-

(kDeln

!

and
O, ={——(k1) —-m<klI<m+p}
n i] i = 10w pl

where p=1,m = (n+1)/2 for odd n and p = 0,m = n/2 + 1 for even n.
We now first use the discrete Fourier transform to analyze the damped Jacobi
method. Let & ; = u; ; — i ; and & ; = u; j — @; ;. It is easy to see that

- — W, - . _ "
(5.4) fij = &5 = (485 — (g + Bios + Bigen + ii,5-1))-
We write
gE®,,
and
(5.6) €, = E Ee'qb;,j(ﬁ').
c®,

Substituting the above expressions into (5.4) and comparing the coeflicients of each
¥;;{8), we obtain that

6.7 AO) = 1 — w1 — 801t costs ;“’SB").

where

(5.8) M0) = %
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is called the amplification factor of the local mode t; ;(#).
The smoothing factor introduced by Brandt is the following quantity

(5.9) 7 = sup{iA(©)], 7/2 < 6] < 7,k = 1,2},

Roughly speaking, the smoothing factor p is the maximal amplification factor cor-
responding to those high frequency local modes that oscillate within 2k range (and
hence can not be resolved by coarse grid of size 2h).

For the damped Jacobi method, it is easy to see that

p = max{|l — 2w|, |1 — w/2[, |1 - 3w/2[}.
The optimal w that minimizes the smoothing factor is
w=4/5, p=13/5

For w = 1 we have 7 = 1. This means that the undamped Jacobi method for this
model problem, although convergent as an iterative method by itself, should not be
used as a smoother,

We next exam the smoothing property of the Gauss-Seidel iteration. Unlike
the Jacobi method, Gauss-Seidel method depends on the ordering of the unknown.
The most natural ordering is perhaps the lexicographic order which was used in the
numerical examples given earlier and the corresponding Gauss-Seidel method reads

- 1. - _ -
(5.10) & = 7@ + o1y + G H 1),
Again using the Fourier transform (5.5) and (5.6), we obtain the local amplifica-
tion factor as follows:
il 4 lfs

4_ e-it1 -l

A6) =

1t is elementary to see that
5= |A(m/2, cos™ 1 (4/5))] = 1/2.

This means that Gauss-Seidel method is a better smoother than the damped Jacobi
method.

A more interesting ordering for the Gauss-Seidel method is the so-called red-black
ordering. In this particular example, we say two grid points belong to the same color
(see (3 — b)) if and only then they are not neighbors (in either horizontal or vertical
direction). Tt is easy to see that the uniform grid in our example can be grouped into
two colors, often called red color and black color. The red-black ordering is to first
order all the nodes in one color and then order the other points in another color. (The
actual ordering within the same color is not crucial).

The smoothing factor for the Gauss-Seidel method with red-black ordering can
not be obtained as easily as the lexigraphical ordering, but it can indeed be proved
that

ﬁ: 1/4.

This means that the Gauss-Seidel method with red-black ordering is a better smoother
than the one with the lexigraphical ordering. Furthermore red-black Ganss-Seidel has
much better parallel feature (see {3 — b)).
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General smoother analysis. We shall now develop some technical results con-
cerning the smoothing property of the Gauss-Seidel method. We choose to study
Gauss-Seidel method since it is one of the better smoothers for our model problems
and also it is less obvious to analyse. The analysis for other smoother is relatively
simple (see the analysis for Richardson in (2.16)).

(5.11) Lemma. For the stiffness matriz A =D - L -U
(P — L)élls = h4%Ilell: VEERY.

Proof. Because of the sparsity, it is trivial to prove that

(D — L)l S B2 liE].

Now it follows that

WUEE S L6 < S((A+D)0)
= (@~ £)6,9 <P - L)Xlalel.

This completes the proof. 0O
The following result is an operator interpretation of the algebraie result given in
Lemma 5.11, which means that the Gauss-Seidel is basically like Richardson iteration.

(5.12) Lemma. Assume that R : V =+ V represenis the ilerator for symmeiric Gauss-
Seidel iteration. Then

R kg At

~ ~

Proof. By definition, the matrix representation of R is
R=(D-U)"'D(D - L)*M.
Given v € V, let v = 3, then it is easy to see that
(Bv,v) = ||DF(D — £)""Mv|}3
Thus it is equivalent to showing that
IDH(D - £)7 My £ B2(Mv,v).

Making a change of variable § = (D — £}~ ' Mv and using the fact that M= = b4,
the above relation can be reduced to

D — L£)EIf = h*(DE, &) = K2 Dfjell3,
which was given by Lemma 5.11 O
(5.13) Lemma. For the siiffness matric A=D - L—-U

2

N
1+k0((’D——£).§,5) V{eR",
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(Ag,€) <




where kg is the mazrimal number of nonzero row eniries of A.
If R:Vw V represents the iterator for Gauss-Seidel ileration. Then

(Av,v) <

2 —1
1+kg(R v,v) Yv €V

Proof. Tt is easy to see that the desired estimate is equivalent to the following:

(AE,8) < ko(DE,E) VEERY

which can be obtained by a simple of application of Cauchy-Schwarz inequality. O

5-b. A basic multigrid cycle: backslash (\) cycle. Although, as we shall
see, multigrid methods have many variants, there is one particular multigrid algorithm
which can be viewed a basic multigrid cycle. This algorithm is sometimes called the
backslash (\) cycle (we shall explain below why this algorithm is given this name}.

We shall first present this method from a more classic point of view. This more
classic approach makes it easier to introduce many different kinds of classic multi-
grid methods and also make it possible to use more classic approach to analyze the
convergence of multigrid methods.

A multigrid process can be viewed as defining a sequence of operators By : My v
M;, which are approximate inverse of Ay in the sense that ||I — BrAg||a is bounded
away from 1. A typical way of defining such a sequence of operators is the following
backslash cycle multigrid procedure.

(5.14) Algorithm. For k = 0, define By = Ay'. Assume that By_1 @ My_1 —
Mpy-q is defined. We shell now define By : My — My, which is an ilerator for the
equalion of the form

Akv =4dg.
1. Fine grid smoothing: For v* =0 and [ =1,2,..-,m
o = o1 + Ru(g — Agv'™Y)

2. Coarse grid correction: ex_1 € My_y is the approzimate solution of the resid-
wal equation Ap_1e = Qr_1(g — Av™) by the tlerator By_y:

ex—1 = Br_1Qr-1(g — Av™).
Define

Brg=2" 4 er_1.

After the first step, the residual v — ™ is small on high frequencies. In another
word, v — v™ is smoother (see the middle plot in Figure 2) and hence it can be very
well approximated by a coarse space Mz_1. The second step in the above algorithm
plays role of correcting the low frequencies by the coarser space Mg.1 and the coarse
grid solver By given by induction.

With the above defined By, we may consider the following simple iteration

(5.15) wFtt = o 4 B (f — AuF)
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There are many different ways to make use of By, which will be discussed late.
Before we now study its convergence, we now discuss briefly the algebraic version
of the above algorithm,
Let &% = (¢, - -,qﬁﬁk) be the nodal basis vector for the space My, we define the

so-called prolongation matrix 7 ,’:"H € R +1X8k a5 follows

(5.16) @F = QFFHITEHL

(5.17) Algorithm (MATRIX VERSION). Let By = Al Assume that By € R™s—1%0x-2
is defined; then for n € R™, By € R™ X" is defined as follows:
1. Fine grid smoothing: For v°* =0 and [=1,2,---,m

Vi — v!—l +Rk(n_Akvi—1)

2. Coarse grid correction: £x_1 € R™~* is the approzimate solution of the residual
equation Ag1e = (Zf_, ) (n — Aev™) by using Bi_1

e-1 = Bro1(Zf_4)' (0 — Ar™).
Define

Bk‘l] =™ +I£f__1£k_1.

The above algorithm is given in recurrence. But it can also be easily implemented
in a non-recursive fashion. For such type of implementation, we refer to Algorithm 5.24

B-c. A convergence analysis using full elliptic regularity. With the as-
sumption of full elliptic regularity (namely o = 1 in (4.3), see also Theorem 4.23), a
very sharp convergence estimate can be obtained in a very simple and elegant fashion.

We shall assume that the smoothers K are SPD and satisfies

(5.18) ;Z—(v,v) < (Rev,v) < (A7'0,0) Vo€ My,

We would like to remark that the above assumptions on Ry can be much weakened
and, for example, Ry do not need to by symmetric (in this case, assumptions need to
be made on the symmetrization of Ry, see, e.g., § b-e).

I the regularity estimate (4.3) holds with & = 1, then there exists a positive
constant ¢; independent of mesh parameters such that (see Theorem 4.23)

(5.19) (I — Peei)vlly < A7l Az]]? Vo € My,

The next technical result shows that any function smoothened by local relaxation
can be well approximated by a coarser grid.
(5.20) Lemma.

C1
ch(;

(I = Pe_1) K7 o|f% < (el — BEEl2)-
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Proof.
1 = Peo)KP ol < endi | Ae Kol
= -Z-i(RkAngw,AkK;'v) = gi((f - K ) K™, 0)4
0 0

[
—(|lullf — o)

2?’1’160
The proof is completed by using the following elementary inequality:

<

Im-1
(5.21) ((I - K )Ki™v,v)a < 571,-’; ST (I - Ei)Kiv,v)a
7 =

1
< (ol ~ IKE ).
a
(5.22) Theorem. For the Algorithm 5.14, we have

- 2 o8
1 — BrAelld < S

, 1<k
+

Proof. By definition of Algorithm 5.14, we have
I—BpAy = (I — Pyo1By—1Ag_1 (I — Ry Ap)™
and, thus, for all v € M;

(I = BeAw)oll%
= (I = Pe-)KPo|3 + (I — Beo1Ap-1) a1 K"0) 4.
Let § = ¢;/(2mep + ¢1). We shall prove the above estimate by induction. First

of all it is obviously true for k = 0. Assume it holds for k — 1. In the case of &, we
have from the above identity that

I = Brdrld € I = Pecn)Kiolih + 61| Pe-1 KEoll4
< (=) = Pe—)KPol% + SlIK Il
c
< (1= 8)g—(hell — 1K ol3) + 81K 3
0
< il

5.d. V-cycle and W-cycle. Two important variants of the above backslash
cycle are the so-called V-cycle and W-cycle.

A V-cycle algorithm is obtained from the backslash cycle by performing more
smoothings after the coarse grid corrections. Such an algorithm, roughly speaking, is-
like a backslash (\) cycle plus a slash (/) (a reversed backslash) cycle. The detailed
algorithm is given as follows.

(5.23) Algorithm. For k = 0, define By = Agl. Assume that By_; @ Mg.1 v
Miy._q is defined. We shall now define By : My v My which is an derator for the
equation of the form

Apv=g.
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1. pre-smoothing: Forv® =0 and {=1,2,---,m
=o't Ry - A1)

2. Coarse grid correction: ex_y € Mg_1 is the approzimate solution of the resid-
ual equation Ap_1e = Qp_1(g — Av™) by the ileralor Bp.y:

ex—1 = Br-1Qr-1(g — Av™).
3. post-smoothing: For vt = v™ +ep_y andl=m+2,2,.--,2m
vl ="t 4 Ry(g — Ak'uz"l)

A non-recursive implementation. The recursive formulation of the above algo-
rithm makes it a little less straightforward to code sometimes. A non-recursive version
of the algorithm is given below in terms of matrices and vectors.

(5.24) Algorithm (V-CYCLE COMPUTATION of B}

By =85
forl=J:1, forl=2:J,
oy = R, i1 = (Ti_y) (B — Ara); oy = Ri(og + I} _yo0-1);
endfor endfor
Bﬁ =g,

The reason why this algorithm is called V-cycle is quite clear with the above
implementation. The algorithm starts on the finest level and traverses all the grids,
one at a time, until it reaches the coarsest grid. Then it traverses all the grids until
it reaches the finest level.

It is easy to see that the operators By defined by the above V-cycle algorithm
satisfy

I - ByAy = (I - BV AT - BV 4y)

where BE,\) correspond the operator defined by the backslash cycle Algorithm 5.14
and * is the adjoint operator with respect to the A—inner product. Consequently,

I = Bedella = T — BV AfA.

This means that the convergence of the V-cycle is a consequence of the convergence
of backslash cycle.

The W-cycle, roughly speaking, is like a V-cycle plus another V-cycle. In a V-
cycle iteration, the coarse grid correction is only performed once, while in a W-cycle,
the coarse grid correction is performed twice.

(5.25) Algorithm. For k = 0, define By = Aal. Assume thal By_1 @ Mp_1 —
M1 is defined. We shall now define By : My — My, which is an derator for the
equation of the form

Apv = g.
1. pre-smoothing: Forv® =0 and {=1,2,---,m

vl = "1 4 Ri(g — Ao’ )
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2. Coarse grid correction: ex_1 € My—1 is the approzimate solution of the
residual equalion Ap-1e = Qr-1(g — Av™) by applying ilerator By..1 twice,
ex_1 = w2, with

w = w4 By (Quoa(g — AV = ApwiTh §=10,1,2, w’=0.
3. post-smoothing: For v™*! = v™ +ep_y andl=m+2,2,---,2m
v = Ry(g - Agv'1).

Again it is also easy to see that the convergence of the W-cycle is an easy conse-
quence of the convergence of V-cycle. But it is often the case that W-cycle is easier
to analyze. We shall now give an optimal estimate for the convergence of W-cycle
based on the elliptic regularity assumption (4.3) (which implies that (4.24) holds).

(5.26) Theorem. Under the elliptic reqularily assumption (4.3) for some a € (0, 1],
the W-cyele iteration admils the following estimale

M
5.27 I BpAglly € ———
(6.27) I - Brdella < 37
for some constant M ihai is independent of mesh parameifers.
Proof. Let 6 = —+ The estimate (5.27) will be proved by induction. As there

is nothing to prove for k£ = 0, we assume that (5.27) is valid for £ — 1. By definition,
the following recurrence relation holds for any v € M.

A((I - By Ax)v, v) = A((I — Pp_1), ‘5) + A((T — Bk_lAk_.1)Pk_117, Pk_l't'})

where 7 = KJ'v.

(I — BrAr)vll%

< H(I — Pk—l){"ui + 5“]’;;_15]& (by induction)
< (1= — Peoy)ill% + 821811
< (L= (e X ARl I~ + 21815 (by (4.29))
ey PO R Yo . '
< (-8 |2l - 191 15 + . oy (521)

Note that ||5||3/llvl|% € [0, 1], the desired estimate then easily follows if we can prove‘
the following elementary inequality

(5.28) — %) [ (1 wt)} -4 62 <6 tel0,1).
By Hélder inequality, for any > 0, we have
(1= )% < an(l — ) + (1 — a)ps—1t.
Thus (5.28) is a consequence of the following inequality
(1—6%) [....EE___:I an(l =)+ ((1—a)ys=T + 8% <6 te[0,1].
2mcg

The choice of % is made to minimize the above left hand side, name to equalize the
coefficients of 1 — ¢ and ¢. The proof may be completed with some more elementary
manipulations by choosing sufficient large M in the expression of 6. O
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5-e. Subspace correction interpretation. We shall now discuss the multigrid
method from the subspace correction point of view. Let My (k=0,1,..-,J) be the
multilevel finite element spaces defined as in the preceding section. AgainletV = My,
but set Vi = My_x. In this case, the decomposition (3.1) is trivial. ,

We observe that, with the above choice of subspaces Vi, there are redundant
overlappings in the decomposition (3.1). The point is that these overlappings can be
used advantageously in the choice of the subspace solvers in a simple fashion. Roughly
speaking, the subspace solvers need only to take care of those “non-overlapped parts”
(which correspond to the so-called high freguencies). As we know, the methods like
Gauss-Seidel method discussed earlier just satisfies such requirements.

With the above ingredients, the successive subspace correction method Algo-

rithm (3.12) can be stated as follows.
(5.28) Algorithm. Given u® € V.

fork=20,1,.., till convergence
v ‘H,k
fori=J:—-1:0 veov+ BiQi(f— Av) endfor
uftl — .
endfor
(5.30) Lemma, For the Algorithm 5.14 withm =1, we have
(6.31) I-BjA;={I-~T)(I-1T1) - (I-1TyJ)
where

To= Po, Ty = Bp Ay Py, 1<EkEZJT

Hence, with such defined operators By, the iteration (5.15) is mathematically equiva--
lent to Algorithm 5.29.
Furthermore if BT is obtained from Algorithm 5.1 for general m > 1, then

11 = BF Aslla <11 — Bidslla.

Based on the above lemnima, different proofs may be obtained on the convergence
of the backslash cycle multigrid method. In particular, the framework given in § 3 can
be applied. This new analysis does not depend crucially on the elliptic regularity and
hence can be applied more easily to more complicated situations such as the problems
with large discontinuous jump coefficients and locally refined meshes (see § (5-1)) .

We now consider the more general case in which we do not assume any elliptic
regularity for the underlying partial differential equations. (4.1).

We assume that all the smoothers Ry satisfy

(5.32) (Rpv,v) < wr{A7 v, v) Yo e Mg

and, if R are all symmmetric

(5.33) -c—D—(v,v) < (Rev,v) < —cl('v,v) Y v € M.
)‘k )\k

or, in general

(5.34) 20 (0,v) < (Ryv,v) € 2(v,0) Vv €M
Ak )‘k
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where Rj is the symmetrization of Ry (see § 2-a).

By Lemma 5.13, the Gauss-Seidel methods satisfy the above assumptions.

The idea is to use the general framework of § 3. According to the theory there,
we need to estimate two basic parameters, namely Ky and K;.

By Theoremn 4.30 and (5.33), there exists a constant Cp independent of mesh
parameters such that ‘

(5.35) Ko < Co.

(5.36) Lemma. The &; defined in (3.27) satisfy, for some v € (0,1) independent of
mesh parameters,

(5.97) & S Al

Proof. Let i > j. It follows from Lemma 4.26 and (5.33) that
(Tvj,v)a AR osllallBiosll S 77 (v, 0304 Vo5 €V

The desired estimate then follows from the definition of &;. O
By definition, we conclude from above lemma that there exists a constant C)
independent of mesh parameters such that

With the above results, the following resuli follows directly from Theorem 3.46.

(5.39) Theorem. Assume thal the smoothers Ry satisfy (5.33) and (5.32) with wy <
2, then the backslash cycle Algorithm 5.14 or Algorithm (5.29) salisfy :

2—&01

- BsAs|A <1— o

for some posilive constani C independent of mesh paramelers.

Another convergence analysis using full elliplic reqularity. If the full elliptic reg-
ularity is valid, however, a more straightforward proof can also be obtained in this
new framework. We shall first present such a proof.

(5.40) Theorem. For the ileration (5.15) with By given by Algorithm 5.1{ with one
smoothing on each level, then

M= ByAs|3 <1 -2,
Cc1

Proof. Denote E_y = Tand for 0 <4 < 7,
Ei= (- T})(I—-Ti_ﬂ (- TI)(I""T(}).

Note that Ey = (I — BsAj)*. It follows that, denoting B =P —P_,,
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J
felld = > (Pivo)a
1m0
J
= Z(Pv Ei_1v)a (since (I — Bi_1)v € Mi_1)
t=0
J s
= Y (Pw, AiP,E;_1v)
i=0
J -
< «/Efzr‘”nPqullAf-PiEialvn (by (5.19))
< ,/clztiPunA(R,A PBEi_1v, AiP:Ei_10) % (by (5.18))
R ZquuA(T& v, Bioyo)?
i=0
- 1/2 /2
< ,/;—(Zﬂuavlu) (Z_:(TEE)A)
o 12 , 7 1/2
< 2 (D;Pvm) (ZmE,--w,E.-_w)A)
i=0 i=0
o \ \ 1/2
</l (10l — 18012 )
Consequently,

1Bz < 0= Dlbllh Voev.

The desired estimate then follows easily. 0O

5-f. Full multigrid cycle. We shall now describe a more efficient multigrid
technique, called full multigrid cycle, originally proposed by Brandt.

On each level of finite element space Vi, there corresponds to a finite element
approximation 1y € Vi such that

(5.41) a(u®,v) = (F,v) VveV.

Similar to (4.11), the best error estimate in H! norm is

(5.42) I - u®s = 0Gg).

If 4(*) € R™ is the nodal value vector of u(¥) then

(5.43) Appl®d = plF),

where b(¥) = ((F, ¢¥)). It can be proved that, with Z;*" given by (5.16)
pF) = (ZEHLYHD) with B) = b,

The full multigrid method is based on the following two observations:
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1. w*=1 € Yy C Vi is close to ulF) € V; and hence can be used as an initial -
guess for an iterative scheme for solving ul®),

2. Each u(F) can be solved within its truncation error shown in (5.42) by a
multigrid iterative scheme.

(5.44) Algorithm. gV — A7), Fork=2:J
1 e fptn),
2. Herate f®) o p*) 4 By (6®) — 43 4%)) for m times.
The most important fact on the full multigrid method is that it has an optimal
computational complexity O(N} to compute the solution within truncation error.

(5.45) Proposition. Assume that thai Co is a positive constant salisfying (for all k)
160 — pE=D1 4 < Cohg.
Then
6™ — i*l|a < BY
if
> log(2* + Cb) .
= |logé|
Proof. By definition, |[z(!} — 4*|l4 = 0. Now assume that

[Ty i VR

"Fhen
6% — ¥ la < 8™ — M
e T P ey
< 67(Co+ 2k
< A
O

5-g. BPX mulsigrid preconditioners. We shall now describe a parallelized
version of the multigrid method studied earlier. This method was first proposed in
Bramble-Pasciak-Xu [9] and Xu [31], and is now often known as the BPX precondi-
ticner in the literature,

Basic algorithm and theory. There are different ways of deriving the BPX
preconditioners. The method was originally resulted from an attempt to parallelizing
the classic multigrid method. With the current multigrid theoretical technology, the
derivation of this method is not so difficult. We shall first derive this preconditioner
based on Theorem 4.30 and then, in the next subsection, study the method using the
framework of subspace correction,

By Theorem 4.30, we have

J
(Av,0) = S RIQk — Qe olf = (Av,v) vEV.
k=0
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where

A= EhEZ(Qk - Qr-1)-
k
Using Lemina {(4.20), we can show that
ATV =T R — Qi)
k

Using the fact that Ay = 2hi41, we deduce that

J J I
(A-—lv, ”) = Zh%((Qk - Qk"l)”»v) = Zh%(ka’ U) " h%+1(QkU: v)
k=0 k=0 24
J-1 J B
= h%(v: v) + Z h%(ka, v) < Z h%(kai v) = (Bv, v)
k=0 k=0
where
B J
B =" hQk.
k=0
If Ry : My +— M, is an SPD operator satisfying
(5.46) (Rpvi,v:) = hi(uk, vg) Voo € My
then, for
J
(5.47) B=) RiQx
k=0
we have
(Bv,v) = (Bv,v) = (A v, v)
namely

k(BA) 1.

(5.48) Theorem. Assume that Rp’s satisfy (5.46); then the preconditioner (3.7)
salisfies

k(BA) = 1.

We note that all the relaxation methods mentioned earlier, such as Richardson, Jacobi
and symmetric Gauss-Seidel satisfy (5.46).

Subspace correction approach. In § 5-e, the slash cycle multigrid method is
interpreted as a successive subspace correction method. Correspondingly, the BPX
preconditioner can be interpreted as the relevant PSC (parallel subspace correction) -
preconditioner. It is possible to use the abstract theory in § 3 to derive some estimates
for the BPX preconditioner somewhat more refined than that in Theorem 5.48, we
leave the details to the interested readers. In § 5-i, we shall use this approach to
analyze the BPX preconditioner for locally refined meshes.
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Implemeniation. Again, in view of {3.54), the algebraic representation of the pre-
conditioner given by (3.54) is

J
(5.49) B=Y LiR:I},

k=0

where T € R™*" jg the representation matrix of the nodal basis {5} in M in
terms of the nodal basis {¢;} of M, i.e. (8%, -, ¢% )= (d1, -, dn)PTLs.
Let ZF+! € R™*+1%" be as defined in (5.16), then
Ty =I5y TEHTE.

This identity is very useful for the efficient implementation of (5.49) on both serial
and parallel fashions,
H Ry are given by the Richardson iteration, we have

J
(5.50) B=Y h LI

k=0

From (5.49) or (5.50), we sec that the preconditioner depends entirely on the
transformation between the nodal bases on multileve] spaces.
Let, for 1 << J,

i
Br =Y LR(T)"
k=0
By definition B = B and
B =Ry +I{_1Bio1(Zi_q)".

We shall use the above recurrence relation to compute the action of B. Assume that m,
is the number of operations that are needed to compute the action Bjog for oy € R,
By the identity

By = Ry + I}_1[Br-1(Z{_1) o]
we get, for some constant ¢p > 0,
my < e+ coti

from which we conclude that

J

my <mi+co E n < ein
=2

for some positive constant ¢;. This means that the action of By can be carried out
within O(n) operations.

(5.51) Algorithm (CoMPUTATION OF Ba).

gy = o
forl=J:1,

ary = (Z]_4) o3
end
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Bo = Roao;

Jorl=1:1J,

B =Rien + I} Bros;
end
Ba = 3.

As it is discussed above, the number of operations needed in the above algorithm
is O(n). We also note that all the vectors oy for 1 <k < J need to be stored, but the
whole storage space for these vectors is also only O(n).

5-h. Hierarchical basis methods. Assume that we are given a nested sequence
of multigrid subspace of H($2)

M1CM2C...CZMJ¢C...CMJ.

as described in §sc:nestedMG, The so-called hierarchical basis refers to the special set
of nodal basis functions

(552) {tﬁ?:EfGNk\Nk—l,k:OV";J}-

Tt is easy to see that this set of functions does form a basis of M. For d # 2, it is
often more convenient to use the scaled HB as follows

(5.53) {hI-4¢% : z¥ € M\ Me—1, k=0, T}

With a proper ordering, we shall denote the scaled HB by {#;,i=1: N}.

The HB in multiple dimensions is formally a direct generalization of the HB in one
dimensional case. But the property for the corresponding stiffness matrix in multiple
dimensions is not all as clear as in one dimension where the stiffness matrix is an
identity matrix in some special case. In this section, we shall show that at least in
two dimensions, hierarchical basis is still very useful.

The hierarchical basis in two dimensions was first analyzed by Yserentant in his
pioneering paper [36]. The work of Yserentant was apparently motivated by the fa-
mous unpublished technical report of Bank and Dupont {1]. Incidently these three
authors got together wrote another important paper Bank-Dupont-Yserentant [Blona
Giauss-Seidel (or multiplicative) variant of the hierarchical basis method. The presen-
tation of the materials in this section is of course mostly based on the aforementioned
papers, and moreover it also adopts the view of subspace correction from Xu [32] (see
also Xu [31].

Preliminaries. We shall now discuss multigrid subspaces that are directly re-
lated to the HB. Consider the part of the HB functions on level k as follows

(5.54) {6} : 2} € M\ Mi—1}.
It is easy to see that the above set of functions spans to the following subspace
(5.55) ez Ik — g )M = (I — L1 )M, fork=0:J.

Here, we recall, I_; = 0 and I : M — Mj, is the nodal value interpolant. The above
subspaces obviously give rise to a direct sum decomposition of the space M as follows

V= &:‘Ji;qu.
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In fact, for'any v € V, we have the following unique decomposition

With the subspaces V, given by (5.55), the operators Ay are all well conditioned.
In fact, by (4.22) and (4.5), we can see that

An,0) S h?lhll Yo e Ve

As a result, the subspace equations can be effectively solved by elementary iterative
methods such as Richardson, Jacobi and Gauss-Seidel methods.

Stiffness matrix in terms of hierarchical basis. The easiest way of under-
standing the HB is perhaps, like in one dimension, through the study of the property
of the corresponding stiffness matrix. As one may expect, the condition number of
the HB stiffness matrix should be smaller than the NB stiffness matrix. This is indeed
the case in two and three dimensions.

(5.56) Theorem. Assume that A is the stiffuess matriz under the scaled hierarchical
basis, then :

(5.57) k(A) < ka(h)
where
1 ifd=1;
(5.56) ka(h) S { |logh? ifd=2
p2-d ifd > 3.

In fact, the estimates given in the above theorem can be proven to be sharp. The
most interesting case is obviously d = 2 for which £(A) < [logh|?. Compared with the

conditioning of the stiffness matrix under the NB, this is a great improvement. It is
also in the case d = 2 that the HB is most useful. Indeed for d = 3, the &(A) = O(h~1)
is also one magnitude smaller than the condition number of the NB stiffness matrix,
but such an improvement is not attractive as we shall see that a much better approach
(such as BPX preconditloner) is available. There is no doubt that, as far as x(A) is
concerned, the HB is of no use for d > 4.

Proof. Given o € RV, set v = Z,_l ;. We can write

v = ka with Vg = (Ik - Ik—l)” = Z afqﬁf
k wk e N \Nk_1
It follows that
iz Y. eieh = DY, (@Y =l
"'}:ENk\Nk—l E?ENk\Nkmi
Thus
oAa = a(v,v) =3 a(vr,u)
k]

< Zylk_fuvkh!v;%l (by Lemma 4.27)
El
< Dluliz el
k
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This implies that Amax(-A) < 1. On the other hand

el = Y ln=d [l — il
E k
< Y (I-k+ Dl (by (422))
k&
< k)l S ka(h)od Aa

This proves that Anpin (ﬁ) > ka(h)~t. O
The above proof is essentially the same as in Yserentant [36] (and see also Ong {29]
for d = 3).

Subspace correction approach and general case. Following Xu [32], we shall
now study the HB method from the viewpoint of space decomposition and subspace
correction,

In view of (3.54), the algebraic representation of the PSC preconditioner is

J
(5.59) H=) SRSt

k=0

where S € R"X("x—nx-1) i the representation matrix of the nodal basis {¢f} in M,
with z¥ € Ny \ Mi—1, in terms of the nodal basis {¢*} of M.

A special case. If Ry is given by the Richardson iteration: Ry = hi"dl , we have

J
M= hISSE =85
k=0

where
8= (hi¥28y, bt 28y, ... Y 285)

is the representation matrix of the HB in terms of NB. Obviounsly the HB stiffness
matrix and NB stiffness matrix are related by A = §*AS. Therefore,

k(HA) = K(Aﬂ),
and, as a result of Theorem 5.56,
(5.60) k(HA)Y = kal(h).

The above estimate apparently also holds for the more general  when Ry is given
by either Jacobi or symmetric Gauss-Seidel since either of this iteration satisfies the
following spectrally equivalence

(5.61) Ry = hi-4,

In fact, the estimate (5.60) also follows easily from the general theory for the PSC
preconditioner, To see this,

For the SSC iterative method, it is more convenient to choose R to be the
symmetric Gauss-Seidel as the other two methods need to be properly scaled to assume
that wy € (0,2). The resulting algorithm is
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(5.62) Algorithm. p® € R" is given. Assume that y* € R" is obtained. Then phtt
is defined by

X3

”f-i-(fc-i-l)f{.f-{»i) - .ui-i-kf(i-‘i-l) + SkRkSz(n A‘u:-r\: i/ )

fork=0:J
It can be proved late that

¢ i
(5:69 = slla < (1= =5 ) M= ol

Convergence analysis. (5.64) Lemma. We assume that Ry is etther Richardson,
or Jacobi or symmelric Gauss-Seidel ileration, then

A2l S (Redrv,v)a <wi(v,v)a, YV EVr

where wy is @ conslend and for symmetric Gauss-Seidel, wy = 1.

Proof. The proof for Richardson or Jacobi method is straightforward. The proof
for the symmetric Gauss-Seidel method is almost identical to that of Lemma 5.12 and
the detail is left to the reader. O

{5.65) Lemima.

KoSeq and Ky 51,

where ¢; = 1,3 = J? and ¢g = 2042 for d > 3.
Proof. For v € V, it follows from (4.22) that

J
ST leell? < calloll-
k=0

This gives the estimate of K. The estimate of Ky follows from Lemma 4.27. 0
By using Theorem 3.37 and Lemma 3.26, we obtain

(5.66) Theorem. Assume that Ry satisfies (5.64); then the PSC preconditioner (3.7),
with Vi, given by (5.55), satisfies
For the SSC iterative method, we apply Theorem 3.46 with Lernma 5.65 and get

(5.67) Theorem. The Algorithm 3.12 with the subspaces Vi given by (5.55) satisfies

- Wi

Ccd

IEAL <1 -

provided that Ry ’s satisfy (5.64) with wy < 2.

Compared with the usual multigrid method, the smoothing in the SSC hierar-
chical basis method is carried out only on the set of new nodes A \ Nx_1 on each
subspace M. The method proposed by Bank, Dupont and Yserentant [3] can be
viewed as such an algorithm with Ry given by an appropriate Gauss-Seidel iterations.
Numerical examples in [3] show that the SSC algorithm converges much faster than
the corresponding SSC algorithm.
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Relation with BPX preconditioners. Observing that Si in (5.59) is a sub-
matrix of 7 given in (5.49), we then have

(He,e) < (Ba,a), YaeR™

In view of the above inequality, if we take

Il
H=> hisisi+1,

k=0
we obtain
(Ha,a) < (Ha,a) < (Ba,a), YaeR"™

Even though H appears to be a very slight variation of H, numerical experiments
have shown a great improvement over H for d = 2. We refer to Xu and Qin [35] for
the numerical results.

5-i. Locally refined grids. In practical computations, finite element grids are
often locally refined (by using some error estimators or other adaptive strategies).
In this subsection, we shall describe optimal multigrid procedures for adaptive grids.
Our presentation here is based on {9}, [7] and [6].

With appropriate rearrangement and grouping, we may assume that the mesh
refinement can be done in the following fashion. We first start with the original domain
Q which is also denoted by §l. We introduce a relatively coarse and quasiuniform
triangulation of £ with a mesh size by and denote the corresponding finite element
space by Vo C H}(Qp). Let Q4 be a subregion where we wish to increase the resolution
and we do so by subdividing the elements of the first triangulation and get a new
triangulation of £; with mesh size hy in Q; and introduce an additional finite element
space Vy C HE(§2). We repeat this process and finally get a collection of subdomains
§; together with the corresponding finite element spaces V; defining on a triangulation
of mesh size h; for i = 1,2, -, J for some integer J > 1. Throughout, we have

QG C Ry, Ve OHG(R) CV CH(), i=1,2,---, 0.

The finite element space on the repeatedly refined mesh can be written as

J
EDRE

=0

The only restrictions on the mesh domains {Q;} are that §¢2 for k > 1 consists
of edges of mesh triangles in the mesh 7..; and that there is at least one edge from
T contained in .

Let A : ¥V — V be as defined by (4.16). Operators A; : V; — V; and @, F; -
V — V; can be defined similarly as before. If we choose R; : Vi — V; to be some
appropriate approximate solvers of A4;’s, we then have all the ingredients to define
our PSC and SSC algorithms. In this setting, the coarse space My may not be very
coarse, therefore we assume that, for the PSC type of algorithm, the first subspace
solver Ry is SPD and satisfies

(5.68) (Rgtv,v) = (Agv,v) Vv € Mo,
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and for the SSC type of algorithm, we assume that Ry satisfies
(5.69) l(I — RoAo)lla < 6o

for some §; € (0, 1) independent of mesh parameters.

As for the other subspace solvers Ry for k > 1, for clarity, we assume that Ry is
given by a Gauss-Seidel iteration or properly damped Jacobi iteration. But apparently
other reasonable solvers can also be adopted.

We would like to remark that the corresponding PSC and SSC methods in this
setting can be viewed as a “nested” multigrid method associated with the multilevel
spaces given by :

k
Mkr—“zvi, 0<k<J

i=0

but with special coarse space solvers Ry only defined on the subspace Vi, namely the
smoothings are only carried in the refined regions.

To analyze the corresponding PSC and SSC methods, we introduce, for each k, an
auxiliary finite element space M, which is defined on a quasi—umform triangulatmn
with mesh size h; and satisfies M; C Myand Mg C -+ - C M. It is easy to see that
M, can be well defined. Corresponding to the space Mk, let Qk V s Mj be the
L? projection.

The following result (from [7]) plays a erucial role in our analysis for the algorithms
discussed in this section.

(5.70) Lemma. Assume that hy_1/hx < C. There evists a sequence of linear op-
erators I : V — My for k = 0,1,2,--+,J with Iy = I such that, for any v € V,
(Hk — Hk_l)v €V and

(5.71) (I = T)ell S U - Qe)ell
and
(5.72) ko)l S (lvlla.

Proof. The linear operator Il is then defined, for v € V, by v = w, where w is
the unique function in M satisfying

w = ka at the nodes of My, in the interior of §241,
Tl ow at the remaining nodes of M.

By this definition, it is clear that (Il — Hy—1)v € V. To establish (5.72), we first
note that

1@y — wl? < CRYE (Quo(=f) — v(=))® < CIT = Qu)ol?,

where the sum 3’ is taken over the nodes ¥ of My on Q4. Combining the above
estimate with (4.12) yields

I = Ta)ofl < 17 = Qedoll + 1Quv — wil < U — Qu)oll
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This proves part of the estimate (5.71). The rest of (5.72) can be estimated
similarly by using {|zv]la < [[(Z ~ Q&)v]l4 + |lv — wlja. This completes the proof. O

{5.73) Lemma. Lei Ty : V — My, be the operator from in the previous lemma
II_, = 0, then, there ezists a conslani cp independent of mesh paramelers such that
H

J
(5.74) DAl - W-)ofl} < collolly Yvew.

kO
Proof. By Lemma 5.70, we have, for & > 1,
NI — Mool < 2~ I}k)”ili +I(Z - ijﬂvui)
< 2N = Qeoayoll + I = Qe—1)oll)

Thus, combining (5.72),

J J
>l — Mema)olfy S follh + D MllT - Quelf
k=0

k=0
The desired estimate then follows by using Theorem 4.31. 0

PSC version. Let us first consider the preconditioner corresponding to the PSC
algorithm:

J
(5.75) B=Y RiQ:.

k=0

Thanks to Lemma 5.73, similar to the quasiuniform case, we can use our general
framework in § 3 to obtain the following theorem.

(5.76) Theorem. If Ry satisfies (5.68) and Ry are given by Jucobi or symmetric
Gauss-Seidel, then the PSC preconditioner (5.75) yields a uniformly bounded condition
number

k(BA) = 1.

As a special example, we may choose Ry as follows:
(5.77) Rewv =i D (v, ¢8)f
kN

as we know this corresponds to Richardson iteration which is equivalent to Jacobi
iteration. For such a choice, we obtain that

J ;
(5.78) Bv=Rov+ 3 hi? > (v,6)ef.
k=1 :I!:‘EN;;

We notice that (5.78) is exactly the preconditioner given in {9] for locally refined
meshes.
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The hierarchical basis type algorithms for these composite grids can be obtained
by the decomposition with V; = (f; — Li~1)V (here I; : V + M; is the nodal value
interpolation operator). It is easy to see that the SSC type preconditioner is

J
(5.79) Hv=Rov+ 3 0% Y (v,¢h)et.

k=1 P eM \Ni—1

This preconditioner is equivalent to what is given in [36] for refined meshes. We
further point out the corresponding algorithm in [3] for the refined meshes is the S5C
algorithm by choosing Ry to be some appropriate Gauss-Seidel iteration.

SSC version. The SSC version correspond to multigrid algorithms with smooth-
ings done in the refined regions. Similarly we have the following convergence theorem. -

(5.80) Theorem. If Ry satisfies (5.69) and Ry are given by properly damped Jacobi
or Gauss-Seidel, then the corresponding SSC iteration yields a uniform contraction:

[ —BAl4a <6

for some & € [6p,1) independent of mesh parameters.

Additional bibliographic comments. The multilevel algorithm for finite element or
finite difference equations was first developed in early sixties by the Russian math-
ematician Fedorenko [20]. In the early seventies, Brandt [12] brought this method
to the attention of western countries and extensive research have been done on this
method since then. It has become one of the most popular and also most powerful
iterative methods in nowadays.

Multilevel method for composite grids can be traced back to Brandt {12} or com-
posite grid in McCormick [25] (see also the references therein). The finite element
space on so refined mesh is V = Z;’___O V;. PSC and SSC methods can be naturally ob-
tained with Gauss-Seidel iteration as subspace solvers. The SSC iteration corresponds
to a multigrid method with smoothings carried out only on the refined region discussed
in Brandt [12]. The PSC preconditioner was first considered in Bramble-Pasciak-Xu
[9].

The aforementioned refined grids may not give the minimal degree of freedoms
from approximation point of view, but it is a computationally efficient approach-
that has the desirable structure for multigrid applications. If a more traditional
graded meshes are nsed on each level, proper nested subspaces are then hard to come
by and the corresponding nonnested multigrid methods are more complicated (cf.
Zhang [38]).

6. Multigrid Methods for nonnested subspaces and varying bilinear
forms. Theories presented in previous sections are based on the assumptions that
the multilevel subspaces are nested in the sense the the coarse spaces are subspaces
of the finer spaces and that the bilinear forms on each level are all the same. In
this section, we shall present a more general theory that do not depend on these
assumptions. Such a theory has been successfully applied to many situations and
some example of applications will be briefly mentioned near the end of this section.

Assume we are given a Hilbert space H and a hierarchy of real finite dimensional
subspaces of H

MO)Ml,Mﬂ, ) -,MJ
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which are related by the so-called prolongation operators Iy : Mg_y — M.

In addition, let Ax(-, ) and (-, -}x be symmetric positive definite bilinear forms on.
M . We shall develop multigrid algorithms for the solution of the following problem:
Given f € My, find v € M satisfying

Ar(v, @) =(f,4)s YoeMy.

To define the multigrid algorithms, we need to define some auxiliary operators.
For k =0,...,J, the operator Ay : My — M; is defined by

(Apw, @) = Ax(w, ) VY, ¢ € M.

Clearly the operator A; is symmetric positive definite (in both the Ag(-,:) and
(-, )x inner products). In terms of the prolongation operator /i, we have operators
L My — Mgy and I : My > Mj_q defined by

(6.1) (ILw, ¢)k-1 = (w, [rd)e Ar—1(Tw, ¢) = Ap(w, Iyd) Yw € My, ¢ € My,

In other words, I} are iks are the adjoint of I with the inner products (-, ')z and
Ag(-, ) respectively. I is often called restriction operator, which is another main
ingredient of any multigrid algorithm.

Another important component of the multigrid algorithm is the smoothing, which
will be represented by a sequence of linear operators Ry : Mz — M for1 <k < jto
define the smoothing process. These operators may be symmetric or nonsymmetric
with respect to the inner product (-,-);. If Ry is not symmetric, then we denote by

R}, its adjoint and set
o R iflis odd;
Rk =

R}c if { is even.

With the framework and notation given above, we are now in a position to define
a multigrid algorithm, which will be characterized in terms of a sequence of recursively
defined operators By : My — My. In the following, p, m; are given positive integers
and Ay is cither equal to p(Az) or an upper bound of p(Ay) such that Ay = p(Ax).

Algorithm 8

Step 1 By = Aal,
Step 2 Assume By_y is defined. Then By is defined, for g € My(Ayw = g), os

follows:
1. Pre-smoothing on My:
w?=10
w = w4 Rg"'m"}(g — Agw'=1)
Ie=1,2,.-+,my.

2. Correction on My_y: w™tt = w™ 4 I, ¢ where ¢ € My _y is defined
as follows, with ri = g — Apw™*,

=0
= g1 4 By (Iire — Ax—1g'™1),
= 1) 21 b

g°
qi'
l
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3. Post-smoothing on My

w = w1l Rgr+m"+1)(g — Apuw'1)
I=mp+2,--,2mp + 1.

Define: Bpg = w?metl,

(6.2) Remark. Ordinarily, the above multigrid methods can be made more general.
For example, In Step 1, B; may be defined by an iterative method which solves the
equation approximately on M;. Another generalization is that the number of pre-
and post-smoothings are not necessarily the same. Nevertheless we are not going
to consider these more general cases here. However in some circumstances it seems
crucial to our theory that the number of pre- and post smoothings should be the
same, which will guarantee that the multigrid operators Bj are also symmetric(see
Lemma 6.6). This is reasonable and important from many viewpoints. The most
natural reason would be because the original problems are symmetric themselves.

A great advantage in setting out the algorithm by means of the operators By
is that we have a very simple recurrence relation for the “residue”operator Ej s
I — By A as given in the following lemma.

(6.3) Lemma. Let By, = I — Bp Ay and Ky, =1 — Ry Ay. Then

(6.4) By = (RP)* (T - Iedi) + LB IR) K.
Furthermore, for any u,v € My,

(6.5) Ap(Eru,v) = Ag((T — LI, 0) + A1 (BY_ B, I;9),

where & = R,’;"‘u and

e o [ (KR EW)TF LKE, ifm is odd;
k (KiKg)=, if m is even.

The verification of the above lemma is straightforward by the definition of the
algorithm. The next thing we want to address is that the Algorithm S defines a
syminetric operator. More specifically, we have

(6.6) Lemma. By is symmeiric with respect to (-, ) and Ep is symmelric with_
respect to Ax(-, ).

We observe that in the algorithm stated above, p and my are free parameters.
With different parameters, we will take account of the three types of the algorithms
named in the following:

(6.7) Definition. The Algorithm S is known as the
1. Veeyele tfp=1l and mp =m > 1 fork=10,---,J,
2 W-eycleifp=2andmy=m>1 fork=90,---,J,
3. Variable V-cycle if p=1 and yomy, < mg—1 < y1my fork =0, J, where
vp and 1 are consiants greater than 1.
The subsequent multigrid convergence theory is largely based on two basic as-
sumptions, one is concerned with the smoothing operators Ry and the other is relevant
to the “regularity” of the underlying problem and the approximation property of the
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multilevel spaces. More refined convergence estimates depend on more assumptions
on prolongation operators and such assumptions will be stated during the presentation
of the eonvergence theory,

The assumption on the smoothing operator R; which concern only one level of
space is the same as in the nested case.

(A0) lli? < CoAr(Rav,v)

where Ry is the symmetrization of Ry (see § 2-a).
A direct consequence of (A0) is

(A0) p(Kx) < 1,

where p(-) denotes the spectral radius. This assumption will be used in place of (A0)
to get some more general (but weaker) results.

The second assumption, usually called “regularity and approximation assump-
tion”, is that there exists a constant B € (0,1} and a constant C such that

(A1) |A(I = LI, v)} < Ci{ae~ | Aev]li®)P Ar(v,v)1 7P Yo € M.

This is the most crucial assumption in the multigrid theory to be presented in
this section. It relates the bilinear forms, different levels of spaces and prolongation
operators. In the case of elliptic boundary value problems, its verification is strongly
tied to the regularity property of the underlying partial differential equation.

It is not hard to see that (A1) implies that

(6.8) Ak(fkv, Iyv) < C~‘1Ak_1(v,v), VYoveEMpo.

(6.9) Theorem. Under the assumptions (A0) and (A1), the Algorithm S has the
following convergence properties (with a positive constant M depending only on Co, Cq

and §8):

1. W-cycle converges uniformly for sufficiently many smoothings:

IExlx < ifmfl? > aM.

M
mbP/?
2. Variable V-cycle converges uniformly for sufficiently large my:

4 .
LB < —57 ¥ mi* 2 co.

3. Variable V-cycle gives a uniform precondilioner with any fized number of
smoothings on the finest grid:

M +mF)?
K«(BJAJ) S “('-'W-)"
4. If the following condilion holds
(A2) Ap{Tpv, Iv) < Ap-a1(v,v) VYo € Mgy,

Ap(Iiv, v} < Ag—1(v,v)
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Then, the W-cycle and VV-cycle converge uniformly and V-cycle converges nearly
uniformly with any given number of smoothings:
M .
W Jor variable V-cycle
IExllx < T—Fmif%)_l for W-cycle
ﬁ%ﬁ%&f fOT‘ V~cycle
5. If the following condition holds
Ap(Ixe, Iyv) < 2A5_1(v,v),

then the W-cycle converges uniformly with any given number of smoothings.
The proof of the above theorem is not very complicated and may be found in [9]
and [31)

Applications. The above theory has found many applications. First of all, the
development of the theory was motivated to applications to multigrid methods for
unstructured grids. Unstructured grids refer to grids that do not have a matural
multilevel structures. Most of the grids generated by traditional grid generators may
fall into such a categories. In this application, one has to coarsen the given grid to
obtain a sequence of often nonnested multilevel coarse grids. There have been many
coarsening techniques available in two dimensions, see Chan and Smith {16}, Bank
and Xu [4] and others.

Another important application is to multigrid methods for nonconforming finite
elements (especially to fourth order problems). Nonconforming elements often give
rise to nonnested multigrid subspaces (even on nested multilevel grids). A major
concern in this application, is the choice of prolongation operators which are often
obtained by using proper averaging techniques. In most applications, estimates like
(A2) or (A3) are hard to be satisfied and hence only W-cycle or variable V-cycle can be
proved to be convergent with sufficently many smoothings, or variable V-cyle gives rise
to an optimal preconditioner. One interesting exception of the above phenomenon is
the work by Chen and Oswald [17] and Chen [18] where they have proved that (A2) or
(A3) can be satisfied for some nonconforming P; elements in some special situations.
For this application and related subjects, we refer to Brenner [14] (and the references
cited there),

7. The auxiliary space method and an optimal preconiditioner for un-
structured grids. In this section, an abstract framework of auziliary space method
is proposed and, as an application, an optimal multigrid technique is developed for
general unstructured grids. The auxiliary space method is a (nonnested) two level
preconditioning technique based on a simple relaxation scheme (smoother) and an
auxiliary space (that may be roughly understood as a nonnested coarser space). An
optimal multigrid preconditioner is then obtained for a discretized partial differential
operator defined on an unstructured grid by using an auxiliary space defined on a
more structured grid in which a further nested multigrid method can be naturally
applied. This new technique make it possible to apply multigrid methods to gen-
eral unstructured grids without too much more programming effort than traditional
solution methods.

The materials in this section are taken from Xu [33].
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7-a. The auxiliary space method. The auxiliary space method is a general
preconditioning approach based on a relaxation scheme and an auxiliary space. As
mentioned in the introduction, this method can be interpreted in various ways but it
may be best understood as a two level nonnested multigrid preconditioner. A detailed
description of this approach will be described in details below and two theorems will
be given for estimating the condition number of the preconditioned system.

Assume that a linear inner product space V is given together with a linear operator
A :V — V that is SPD (symmetric, positive and definite) with respect to an inner
product {:,'). Consider the linear equation (2.1). The main ingredient in the new
preconditioning technique is another auxiliary linear inner product space Vo together
with an operator Ag : Vo — Vo that is SPD with respect to an inner product [, ]
on V,. This space, in most applications, may be viewed as certain approximation for
V. The space V; needs not be a subspace of V in general, but it should be, in some
sense, simpler than V. The operator Ag may be viewed as certain representation or
approximation of A in the space Vg and Ag is assumed to be preconditioned by another
SPD operator By : Vo — Vp. In another word, the auxiliary space Vg is chosen in
such a way that the equation given by Ao can be more easily solved than (2.1},

The auxiliary space Vg is linked with the original space V by an operator I : Vg —
V. If Vy is viewed as a “coarse” space, II plays a role of prolongation in multigrid
method. The “restriction” operator is given by its adjoint H* : V — Vg defined by

Fv,w] = (v,Tw) veEV,we.

Another ingredient is an SPD operator R : V — V. The role of R is to resolve
what can not be resolved, in preconditioning A, by the aforementioned space Vo and
the operators defined on Vy. By the multigrid terminology, R is like a smoother.
In most applications, R is given by a simple relaxation scheme such as Jacobi and
Gauss-Seidel method.

With the ingredients described above, the proposed preconditioner is as follows.

(7.1) B = R+ 11B,II*.

In the special case that Vo C V and [,)] = (-,-), I can obviously be given by the
natural inclusion operator and as a result 11 is nothing but the orthogonal projection
Qo : V — Vg. In this case, the preconditioner (7.1) is reduced to

B =R+ ByCh

which is the two-level special case of the general nested multilevel preconditioner in
Bramble-Pasciak-Xu [9].
By definition, for any u,v € Vg,

(7.2) (BAu,v)a = (RAu, v} 4 + [BoAol"u, 11" 0] 4,
where (v, )4 = (4-,), [, )4, = [4o-, Jand I = A I A satisfying
[H*v,w]Ao = (‘U, Hw)A veV,we Vo

Denote pa = p(A), the spectral radius of A. Also denote by ||-|| the norm induced
by either (,-} or [, -]. The main abstract result in this section is stated below.

(7.3) Theorem. Assume that there are some nonnegalive constanls ao, o, Xo, Al,
and By such that, for allv eV and w € Vy,

{(7.4) aopzl(v,v) <{(Rv,v) £ alp;‘l(v,v),
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(7.5) Xofw, wla, < [Bodow, wla, < M[w, w]a,,

7.6) Tl < Aifoilh,,

=

and furthermore, assume that there ezists a linear operator P 1V — Vo and positive
consianis By and o such that,

(1.7) lPo|i3, < 85 vlla
and
(7.8) o — IPulf® < 95 o7 ol

Then the preconditioner given by (7.1) satisfies

(7.9) k(BA) < (a1 + 8121 ((ovo) ™" + {Bodo) ™).
In particular, if P is a right inverse of Il namely IPv = for v € V, then
(7.10) s((T1BpIT*)A) < = b ;l

Proof. One first notes that (7.6) is equivalent to
ol < Aillolls VveV.
By (7.2) and the assumptions, one has
(BAv, )4 < arpz | An]l® + Ml oll%, < (e + AsBy)llollh.

This means that Apax{BA) < a1 + FiAz.
It follows that

(v,9)a = (v—THPuv,v)4+ [Py, 1I"v]y,
< o= TPl Av]] + [1Pol] oI vla,
< (r0pa) P lollacy *p P (RAV, 4v)'/*  (by (7.8) and (7.4))
185 2|l ads A [ BoAeTl* v, 1*0]Y?  (by (7.7) and (7.5))
s(mm*+%mwwwmwmm?(wmm.

This implies that Amin(BA) > ((@o70)™! + (Boro) 1)~ The estimate (7.9) then
follows.

In the particular case that P is a right inverse of II, one may take yo = co and.
R = 0, the proof of the corresponding estimate is then transparent. 0

The last estimate for a special case in the above theorem corresponds to the
fictitious space lemma of Nepomnyaschikh {26, 27]. A necessary condition for Il to have
a right inverse is that I : Vg — V is surjective. As a consequence, dimVy > dimV,
namely that Vg has to be at least as rich as V. Furthermore the construction of I
also needs more cantion. The introduction of an additional smoother (or relaxation
operator) R greatly relaxes the constraints on the choice Vo and II in the fictitious
space approach and, hence the resulting preconditioner is potentially more flexible
and more robust,
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(a) (b) ()

F1o. 4. An evample of an suziliary grid fogether with two nested coarser grids.

7-b. A special technique for unstructured grids. This subsection is to con-
struct optimal multigrid preconditioners for finite element matrix from unstructured
grids. The term “unstructured grids” here loosely mean those grids that do not possess
natural or convenient multilevel structures. The main idea is to choose an auxiliary
space from a rather structured grid in which a natural nested multilevel structure is
available. This idea was briefly discussed in Xu {34].

In this section, the model problem in §3.1 will be used and the conforming piece-
wise linear finite element spaces over quasi-uniform triangulations 7 will be consid-
ered. Let £, be the mesh domain determined by 7y, namely

Qh = Urer, 7.
To avoid unimportant technical difficulty, it is assumed, for all feasible h, that
Q C Q.

The finite element space Vj consists of continuous piecewise (with respect to 73} lincar
functions that vanish on Q\ Q4.

A structured auxiliary finite element space. Given a uniform square parti-
tion of the whole space with mesh size

ho=2"7"=h

for some integer J = |loghl, let 7y be the union of squares (d = 2) or cubes (d = 3)
that are contained in © (see Figure 1(a)). Let Qo denote the mesh domain determined
by 75, namely

ﬁ.u = UTET{;‘F-
By construction, {3y C £ and

max dist(z, 8Q) 5 h.
.‘L‘En\nu

The set of interior nodes of Ty will be denoted by Ny = {:c? :1<j<ng}

An auxiliary finite element space Vo will be defined to be a space of continuous
piecewise bilinear (d = 2) or trilinear (d = 3) functions that vanish on (\{2o. Alterna-
tively, if 7o is a uniform triangulation (sec Figure 1(a)) consisting of triangles (d = 2}
or tetrahedrals (d = 3) from the aforementioned squares (d = 2) or cubes (d = 3), Vo
may be defined to be a finite element space consisting of continuous piecewise linear
functions that vanish on €\ Q0.
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The finite element space Vy will be used as the auxiliary space for the space V.
Associated with the spaces V, and Vs, the operators: Ay : Vi + V4 and Ag :
Vo ++ Vp are defined by

(Anu,v) = a{u,v) Yu,v€Vy, (Aosuo,v)= a(ug,vo) Y uo,ve€ Vo,

The operators between Vj, and Vo will be the standard nodal value interpolants:
I} : Vo — Vs and g @ Vi — V. The approximation and stability properties of these
two operators will be addressed in the following two lemmas.

(7.11) Lemma. For allvg € Wy,

(7.12) llvo — Mauel| < Allvolls,  [Mavollr < Hvolh-

(7.13) Lemma. For allv € V4,

(7.14) llv = Tovl] < Allelly and |[[Tovlly S fiofl-

The proof of the above two lemmas can be found in Xu [33].
An optimal multigrid preconditioner. By the abstract approach in §2 and
the auxiliary space Va, a preconditioner By for Ay can be obtained as follows

(7.15) By = Ry + M Boll},

where By : Vp =+ Vg is a given SPD preconditioner of Ay and Ry, : Vy v Vy is an SPD
smoother for A satisfying

(Rav,v) = R (v,v).

By Theorem 7.3 and the estimates from the previous subsections, there exist some
positive constants «, B, that are independent of h such that

&(BrAn) < (@ + BAmax(BoAo))(7 + Anin(Bodo)).

The preconditioner By may be obtained by a further multigrid method. Such type
of multigrid method has been discussed by Kornhuber and Yserentant [23]. Setting
TJ = Tp (with hy = hy = 27 J) and V; = Vo, triangulations T 1<k<Jd) (w1th
he = 27%) and their corresponding spaces V. can be defined similarly. As shown in
Figure 1, if Figure 1{a) corresponds to Vi = Vy, then Figure 1(b) and Figure 1 (c)
correspond to Vy.1 and Vi_s respectively. Evidently

1}1C1}2C...Cﬁj.

Consequently, a BPX preconditioner By may be obtained so that ! &(ByAs) £ 1 and
hence &(BnAn) < 1, or a hierarchical basis preconditioner By may be obtained so

that x{BgAg) < |logh|?® and hence k(BA) < (loghl?.

1 Although the corresponding estimate was not optimal in 23] for their more general considera-
tions, but it can be easily proved in the current context by the technique in [32].
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Attention now is turned to the issues such as implementation and complexity of
the aforementioned preconditioner. Let A and Ap be the stiffness matrices corre-
sponding to the finite element spaces V, and Vo respectively. Let Z be the matrix
representation of the interpolation Iy, namely

(Hh'ﬂbla sy thnn) = (451: vy ¢ﬂh)1'l

where {4 1 i = 1:ng} and {¢; : j = 1: ns} are the nodal bases for V; and Vg
respectively.
The precondition matrix for the stiffness matrix A can be written as (cf. [32])

By = Ry + IB{)I‘

where R}, represents Richardson, Jacobi or Gauss-Seidel iteration.

By definition, Z = (e;) € R™ " with a;; = ¢;(=}). Obviously Z is a sparse
matrix with O(n;) nonzeros. The evaluation of a;; depends on the location of xf
relative to the partition 7g. Because of the regulanty of 7o, each z! can be located in
Ty with O(1) operations by, for example, comparing the ma.gmtude of the coordinates
of &', Therefore Z and I* can be both obtained with O(ny) operations. For a more
dlrect way of computing the action of Z, for example, if £ € R™ and = Z§, then
7 = w(z}) with w = Z (€. Again w(:rh) can be easily obtained as long as the
location of £} is known in 7g.

In summary, when By is given by BPX preconditioner, the resulting precondi-
tioner which may be called BPX preconditioner for unsiructured grids has the follow-
ing features: 1. one action of B requires only O(ns) operations; 2. the condition.
number of BA is uniformly bounded independent of h in both two and three dimen-
sions; 3. it can be applied to unstructured grids.

REMARK. In practical computations, the auxiliary grid 7y can be more flexible
than given above. For example, one does not have to take the clements that are
exactly contained in £2.

REMARK. For simplicity, the details for unstructured grids are only given for
Dirichlet boundary value problems. Applications to more general cases are also pos-
sible. For Neumann boundary condition, for example, it is not sufficient that the
auxiliary grid only consists of those regular elements that are contained in 2. In-
stead, the auxiliary grid consists of all those regular clements that infersect with Q.
The application of the technique to locally refined meshes is a little more complicated.
Again the idea is to use a structured refined mesh to define the auxiliary space. Locally
refined meshes with multilevel structures were discussed in Brandi [12], McCormick
[25] (see also the references therein), Bramble-Pasciak-Xu [9] and Bramble-Pasciak [6].

Some remarks. The main spirit of this section is that, with the help of an addi-
tional smoother, a quite rough auxiliary space can be used to construct an optimal
preconditioner for a discretized partial differential operator. For an elliptic partial
differential equation of order 2m, for example, the auxiliary space Vo for a given fi-
nite element space V defined on a grid of size h needs only to satisfy the following
approximation property:

(7.16) inf [[v—wllo S A™||0|lmpr YvEV
weVy

where || - [|o is the L? norm and || - |lm,» is a (discretized) H™ norm.
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The approximation property (7.16) is a very weak one and is certainly much
weaker than the approximation property that V (as any reasonable finite element
space) should have. One important point to address is that the role of Vg or the role
of a coarse grid in a multigrid algorithm is to resolve the spectrum of the discretized
differential operator and there is no reason that ¥y should be comparable with V' as
far as their approximation properties are concerned. Roughly speaking, the spectral
property of a discretized partial differential operator is mainly determined by the
original partial differential operator rather than the underlying discretization space.
Hence in order to capture the spectrum of a discretized operator, the auxiliary space
only need to have an approximation property like (7.16} that is related to the order
of the original differential operator but not, in certain sense, strongly related to the
discretization space (V).

The weak approximation property (7.16) makes it possible to use a simple and
structured auxiliary space for preconditioning a complicated and unstructured prob-
lem. As the main application of this general idea, the main concrete conclusion of
this section is that a finite element space defined on an unstructured grid can be well
preconditioned by combining a simple relaxation scheme and a structured grid. As a
consequence, it is possible to solve a finite element equation on'a general unstructured
grid by a multigrid approach with an optimal computational complexity.
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